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Abstract: [Objective] In the context of the carbon neutrality objective and the ongoing global energy transition, the
installed capacity of renewable energy power generation such as wind and solar energy is continuously increasing.
Due to the unstable output of renewable energy sources, the role of coal-fired power plants in ensuring renewable
energy accommodation and grid stability has become increasingly clear. [Methods] Establishing an accurate and
efficient dynamic model is the key to improving the operational flexibility of coal-fired power plants, as it lays a
solid foundation for the operation optimization and control strategies. For this reason, this paper proposes a novel
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dynamic modeling method for the boiler-turbine coordination system of an ultra-supercritical coal-fired power plant
based on the physics-informed neural network (PINN), with the core purpose of accurately predicting key
operational parameters including main steam pressure, separator steam enthalpy and power generation. The
proposed PINN takes the conventional feedforward neural network (FNN) as the basic network framework.
Meanwhile, the basic dynamic physical laws of energy-mass conversion in the boiler-turbine coordination system
are identified and embedded into the learning framework of the neural network in the form of loss functions. Such
a design integrates the physical mechanisms of the plant with data-driven learning, thus enabling the network to
effectively learn complex and highly non-linear data features while strictly satisfying basic physical laws of the
boiler-turbine system. [Results] The verification results indicate that the proposed PINN model achieves improved
overall accuracy, inherent interpretability and strong generalization ability. In data-sufficient scenarios, the
coefficient of determination (R?) indexes of both one-step and multi-step predictions generated by the PINN method
are both higher than 0.99, demonstrating excellent and robust fitting performance between the predicted values and
the actual measured data. In data-scarce scenarios, which is common in practical engineering applications, the PINN
method still maintains high prediction accuracy. The root mean square error (RMSE) index for multi-step prediction
of main steam pressure is less than 1%, and the RMSE indexes for multi-step predictions of separator steam enthalpy
and power generation are both less than 0.75%. In both scenarios, the prediction performance of the proposed PINN
method is significantly superior to that of the traditional neural network, which further verifies the effectiveness and
superiority of the proposed modeling method. [Conclusion] This study provides an effective dynamic modeling idea
for the boiler-turbine coordinated system, which is of great significance for improving the control performance and
flexibility of ultra-supercritical coal-fired power plants in engineering applications.

Key words: ultra-supercritical coal-fired unit; boiler-turbine coordination system; dynamic modeling; deep
learning; physics-informed neural network

B X SR BBl Ik AT AR RV A R LA
PSRG0T, [ SO L DR R RE YR 9 AT L

AR, AN 2 Hohr 2 I R R 0, ik
bt HLEAER KSR AR AR W TR R

FRGE ) “TRER” A “IEMA " @ iniEma.
2025 £ 3 H, ERKESEZR. BRI R KA
T AT L DT B S T % (2025—
2027 4F)), XHEEEEAMLAERIE . P, i5. B Reie
AT T R EDR, SRR R R AL ) R g
B U R A SRR RIS S P 1 4 B,
PRI R BLHLZL (coal-fired power plants, CFPPs)
SRAETA RS . B, T, MU sh
SR, W R E MRS FE R AT E
ARG FNTIRIE R AL B A, B %K
AR L IA) (A EL OGP A2 SRS . 4240 R TE TS
71+ PRFHHALIEATHERE I OCEEDT ., SR, MLAHERA T
UL R RIRE RIR A PRI R P L
PAHIANTR ) 10 LG 10 AR i FELMTLZEL A S EE
5 G IR 5 e F ML 2 B2 22 SR FH AL B o 8 7 5
A5 . AstromU 1 BellB15E A 5 T2 — 1 R B 7 1
160 MW JR I LA P 8 22 0 R AR 2R 14 i 43 7 R A
B, GRS EAR T R T B S B A&
1E o Mellolh 4 7 i ) 2 25 i RO F2HEAT #744, AX
TR BAZ O AR LR PRI, $R H T 3 A TR AL
R A . R BRI B B e S
M7 BN FUEER R v) 52 000 A, A B Ok T
P FEALE A T S IR N IR, HR# KR

http://rifd.cbpt.cnki.net

HTEHER. ITEER, A5 EEHENAREZ
T

BRIENLZH 32 AT B8 b A0 7 K& S e pL AL R
PERURIME B o 56T E08 BB R R U7 B W B
H PRI OGRS B B (R RREAE, G RR AR 4iE 47
FENLEE, AR R AR 15— ERE. AR
772 Liu &5 AR A 8 /s 3R AR e 42
LRIFIFO B SL T 45 € T T BRI I, &
BOR, R BN SRR R R R A s T
DL NI BRI B A S, MHLAEAT T
ARG, BARE EE HBUA FIFE I R s A
122 ) 44 3 ok L 22 )2 X 4% 35 40 T A 00H0L 6 A ()
m B IR ARG R, PR BE T 1IE B
RE 7T o B 7R PHD2R VR FEAS & 2 R g T IR
HUHNUH R R B, ARG S ISIFE PR B
fE M2 LAl En R F R, TERERAE A TS
BT X, P A AR AL B 93% LA .
R FIRHLER 2 2] J7 1 R B 9K 1) 52 R AR 4 1k
A ERRST, EAAERR A iR REZE . WS 1E
R R . BbAk, Y B8 A T Sl 7E4K
PR Z T, WY ) I E R )

W B A R A 2 N 2% (physics-informed neural
network, PINN) MIGENE S0 ) BTN B I AP




ERE x5 FTYEE B4 1 I SRR L P R Gl AR T 107

WIEEAESE, W] I 3 S TH AL v At 14 A2 Ak e
i AR A G A1 B g A R 4 X 2 2 AR A AR 1) i) R
2018 4 Raissi 55 A1 J6 42 A PINN DA 2%
(1) 2R FFAS 6 B 1) 540 o TN A2 0t R B A e
1) /5%, Bragone & NICIFIH PINN X% 45 1) 74
FIEEPERE AT B, 75 (IR S ARRS B2 11 (R ) A T
i T 22 P 85 0 B (R R FiE . Xiiaolt71 Wultel
LNKF PINN S % 2245 6 S S48 EAT B0 A5
B, T AR A TN s R e 7 5 Kb 3 7 T 1) R
LIS T A5 Ik B A E i A4 . Gokhale 55
BSLE PINN B T S Ae U5 BEATIE, K 2254
AR -2 (2R2C) AR A 2y o 4 ik
ANPRE WS, P 7R TIOIAS B IR AR T £t
ok . Kohtz %5 A\ ROLKE it 2 A4 R EE A 9\ Aol
Z 2%, FERCHR M B 2 AT S v B ) b
BEIRZAS (SoH) il

AR SRR B I A S H AL L R R U R 7
BATHIFR R, St —FEE T BE B N L

TR

& b

FREEIE S

¥ T AR

UK B

WG E

FEE FE L

jfiu
% K

AT 2 BIIEAT

J2 M S

g
\\\/// o

15 mE2E S '1\\3 R

o 6% 75 845
5¢M% {E/E | K% Lk
L 2% [ W1l BB i i E

WP R R G ERAR T V. BT R T R DA IR 2 I 2%
(feedforward neural network, FNN) JyFEAsHELL,
TR ALY B8 T A Fh ik AR ) 24 R R N P 22 PR 2%
AR, AR EERTE . AR SRz LR

IR RGBSR, AL GRS Tilis
T EHIA IR AU RIS RE . 8 B 7 S A EE F
B2 Fhiz s N S g a % ikt b, B T AT
P P BRAS S 0 ) 25 458 B 7E ML 2H R R K R AR
AL IE AT B T oA e R A R

1 ARG fmik

ASCLLKE 1000 MW B I S HRIGE R B L ZELAE
NIRRT R BRI TR B e, —
(AR, B RO s VRERHLR A B i PO T
VUHERATE, a5 10 MRS (3 ANmEL.
2 MHRGA 5 AMCER); Lk 8 FIAETREE S
R, B3 AmEnAE. 1 GRERM 4 50E
In#s . B rLAH SR 1 FTR .

fa ]

— K K  ——— iR

E 1 1000 MW EBiBImAWAE & B EEHRE
Fig.1 Structural diagram of a 1 000 MW ultra-supercritical coal-fired power generating unit

HU B 2R SRR A FUATLZEL B R B s e
BLH T3, XPAhEER AGC #54, XA TRIENLIZ %42
RGBT IR . TRBIT R, I RS
AR AEE us. A7KILE D FVFEALIA
TIITEE 03 D EERAAR u, MEFKIETT psts
VK B A 28R b AR FLZZE Ne 3 MK

http://rlfd.cbpt.cnki.net

A AR Ry HEAT IR S O L
PR RS EZIEAT S HLE 1. Chen S5 NPUCR
FINUBRERT S, L 1 % I SR LA
P R 2R Gt 58 B ah A HLBL 07 JOBAY, A S B
IBATEE SR T IRAE . T ET GRS PINN
EERLANIG UE SR SR 4




108 kAL R

2026 4=

F 1 BB TR AN RARENEEEITSH
Tab.1 Main operating parameters of the unit’s boiler-
turbine coordination system under typical load conditions
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Fig.2 Schematic diagram of framework of the proposed physics-informed neural network
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