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Abstract: [Objective] Coal-fired power units typically exhibit strong nonlinearity, long time delays, and
pronounced physical couplings during operation. These characteristics make it difficult for traditional mechanism-
based or purely data-driven modeling approaches to simultaneously achieve high dynamic accuracy, strong
generalization capability, and low deployment cost in real industrial environments. To address these challenges, this
study proposes a physics-informed dual-branch convolutional transformer network (PID-CTNet) that integrates
physical priors with deep learning to achieve collaborative prediction of multiple combustion-related variables.
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[Methods] First, a multi-source feature space is reconstructed based on combustion and thermodynamic
mechanisms. Twenty-seven key physical variables are selected from four categories (load commands, fuel and air-
gas system parameters, thermodynamic properties of the working fluid, and historical feedback indicators) to form
a physically meaningful input representation. Second, a multi-task deep learning framework combining
convolutional neural networks (CNN) and Transformer is developed. The front-end temporal convolutional
networks (TCN) extract local transient features and perform dimensionality reduction, while the back-end
Transformer introduces a self-attention mechanism with a global receptive field to capture long-term dependencies
and large-delay characteristics inherent in boiler dynamics. Finally, a hard parameter-sharing strategy is employed
to enable simultaneous prediction of NOy, SO, and CO emissions, as well as main and reheat steam temperatures,
within a unified modeling framework. [Results] Experimental results demonstrate that the proposed end-to-end
model achieves high prediction accuracy, with root mean square error of 2.895, mean absolute error of 1.654, mean
absolute percentage error of 0.565%, and coefficient of determination R? of 0.957 on the test set. The prediction
errors of all five industrial key indicators remained below 3%, significantly outperforming traditional regression
and time-series models such as SVR and LSTM, as well as single-task deep learning baselines. Ablation studies
further validate the effectiveness of incorporating physical priors, the complementary roles of the TCN-Transformer
hybrid architecture, and the performance gains brought by the multi-task learning mechanism. These components
jointly enhance model accuracy, stability, and robustness under complex operating conditions, including load
fluctuations, fuel variations, and frequent operational adjustments. [Conclusion] The PID-CTNet model effectively
integrates physical mechanisms with deep learning, achieving a favorable balance between prediction accuracy and
computational efficiency. By providing lightweight and reliable collaborative prediction of emissions and steam
temperature parameters, the proposed method offers a practical and deployable solution for intelligent operation,
emission optimization, and safety control of coal-fired power units. The results demonstrate that physics-informed
multi-task learning is a promising direction for improving the interpretability, engineering applicability, and long-
term maintainability of data-driven models in modern power plant operation and optimization.

Key words: coal-fired power unit; CNN-Transformer; physical mechanism; multi-task learning; collaborative
prediction
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Fig.1 Prior correlation analysis based on key characteristics of combustion mechanism
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IR 2 I EAEIEAT 8T, AT DUE R
FERR I SR PERE . B RRE IR, RIE
Je 5 RIBUFIFEUERT LSTM AHEL, 38 SR
TE& TR ZE TR bR ESCIL 7 ORIREE TR, ¥R %
M 5.542 [%% 2.895, NFE T %) 47.8%, “FI4axiH
oy LR ZEFRPR R IR B R4, R B R 2= g — 28
FEAG, 459 E8E TCN 5 Transformer [ 5 3147
ghty, FERLRERS B AE LA PR BRI AR P B S
BEKIES . HIREMGRERR, 154 E
ZER2J5IHI, FHAER (SVR. LSTM. GRU)
AT 0.85 LA, MELARN & 2% TOLFHEsN. ik
HA RN R2ZIAH] T 0,957, X E M %R AL 5 iR
B KRG 95. 7% R 8, IIE T HEL AR
BIME S e B S (F2, DA B4
HE T () 2508 (580 kb) B & KT LSTM 5 GRU,
XFERIIN TSI, (R AR U 2 B
1), TERRNIREX P 22 e 5T Re R =i 13
SN, KA, R B4 (Transformer)
DA HIT <36 £ 10) OO AGS B2 2 S0 4 00 B ELAE AR
3.3 JHRASCIE
3.3.1 A% K Ak

N T R 9T PID-CTNet B8 rh & k% o2
XTIV R ) BAR DTER, AR AT AT Rk SR
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1) W0 TCN  BERETm I AR M 4% (TCND,
BB\ Transformer, IS4G B #E563E TCN
TESRE=) S S A RAE % 22 R BN 77 T A

2)w/o Transformer  #F% J& i 1) Transformer 5
B, AUHKEE TCON BHTRAIE @B, it B R 50IE B
TE B I LE 7 98K B S B RO A 4 RS R
B ) b A o ARV i S0 1) R B A i A SR
% 3 .

3 HEHUHRSIIN AR
Tab.3 Results of the module ablation experiment

T ORMSE SMAE OMAPE R? Params/kb
w/o TCN 5.854 3.351 1.154 0.825 564 421
w/o
Transformer 4.356 2.568 0.941 0.903 17925
PID-CTNet  2.895 1.654 0.565 0.957 580 229

IR 3 MEAEEAT b, T LR RO
B o R, B—fdiF TCN 5 Transformer #&bk
25 A TR 2 E T, EB T R ERARAE R H
5 R R BT, WU S AR R
BRATE A=A T B ITERE 25 . TCN X R ik
AT B E A TILE wio TCN 4844, L) R2
HIL T SO R, M 0.957 [%%2 0.825, HIY
T AR R ZE R K o X Ul B AR BRI R R I LA
AT BN FNBEAS A NAREE I R S, = TCN 9 ik
RIS S, RN s DAAE Bl PR R L (1 4
MR, FHORAAUA RE 1 KIEHISS - Transformer %
KR n @ iae 717 wio Transformer 1540 T, B
IRIBRLOREE TRV SR (L 17.9 kb)), (HHAF
B H o AR ZE SRR B & THE £ 0.941%. XK
SR TCN FE KA &5 30 R-AIE , (H/E SR = Transformer
2R BEBE VRIS, BAE AR A K
PSR N RS S, B0 Transformer ik &
BRI T S40E, HHRMIEBAIN IR
PERN G K R IR IR EL R
3.3.2 A3 ak

TESRIE T B B A ke, A —2
ESHZHMHERL, BEEEGTIATN “D
HRACIG RN PR PR RE I DR, SO0 o i R
NFFIFEE R SRR R I, T B DA 2 N A .

1) w/o PID-CTNet (No Enthalpy) 7 {3545
BB 5 AT S ARAL SRR A R TR T, FEBREET
IAPWS-1F97 #yZ IFA ) A R IE (25 1

AR BMED, R 546 DCS Wl S
TERIIN, 22 TIPS A 22 B S B R A Y
PERERIIE 25

2) w/oPID-CTNet (Full)  fREZRFEA ) 2E 5k
IXBAERY, ANEET BRI SE, A RAE
RSP IRIRAL, ASUASE A iR 46 s B B I SR AT 55
TRIAERY, ZAR B TR RS2k, DAXT L 5e %
BERLE D) RS 50 5 2 AT 55 WLl 2L [RIAE H R B 1R R
Tt . BARMSHOE RIS S Rk 4 Bk,

* 4 BHHRMSIINER
Tab.4 Results of parameter ablation experiments

(reit] SRMsE  OMAE  Swape  R? Params/kb

w/o PID-CTNet (No Enthalpy) 3.561 2.012 0.751 0.929 579845
w/o PID-CTNet (Full) 4187 2254 0.723 0.914 585413
PID-CTNet 2.895 1.654 0.565 0.957 580229
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GG 4 MBURSEN Y ENLET A EEAT
SrHT, A LG BB SRR (1 R 2 S 25, X EE No
Enthalpy RAS 5 #& H 1) SE R 0T UR I, 51
HUEFE S, BTMRIRZERPR M 3.561 BE NS
2.895 (fRALIEFEIA 18.7%). XA JJHIEN T 45 .
J05 55 301 5 S B UR BE B T A 78, TE R XA
Joe Ik TR PN 7E B B 4 U A AR W R AL S
W A AR R RAAT G “AERR Y, PRIKT
TR BEE 27 ST RETRY N J5E 06 vy Ml 75 A0 2 S BE A X
FE o “HEE-Hd WK E B R, 5 EEak 4l
BE KA A w/o PID-CTNet (Full) #HEL, #2H
FEAY (M BE PR THBE R, BITARIR ZE M 4.187 BRI =
2.895, F#iE®EIA 30.8%, [FIAF, RZFEFRM 0.914 #2
FE% 0.957, IX 1k HH B Al NS R 4T A P R Al A
HEE R, FLERTH AR A ks < EALER” A
VAN B 5N, W SR B AR ] T SR
YEF, 51 SR B FF S BE S 7 ) Bk TS
.
3.3.3 4L 4 iH &k

KATHATAE SRS, RAZAES %

(multi-task learning) ZEA415%F % F50Ml B A 1 B 5] 184

FEAEA, $RHEEAL PID-CTNet (AID & 24T 55 1
PR, [RIR TR NOy. SO2 %% 5 N Hbr. AT KL
AT S5 U [R) TR AR A T B ST AT 5 T g ekt #)
i 5 AMYERRT R — HAREEAT LA IR BT 45 % B AR
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Tab.5 Results of the task ablation experiment

izt ORMSE OMAE OMAPE R? Params/kb
PID-CTNet (NO,) 3,521 2102 0.684 0.932 515703
PID-CTNet (SO2) 2957 1759 0591  0.951 515 703
PID-CTNet (CO) 5854 3476 1153 0.865 515703
PID-CTNet (Tis) 1154 0.694 0213 0.985 515 703
PID-CTNet (Tim) 1357 0.789 0.256  0.978 515 703
PID-CTNet (All) 2.895 1654 0565 0.957 580 229
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Fig.4 Comparison chart of real data prediction results
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