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Research on Anomaly Detection and Diagnosis of Combined Cycle Unit
Heat Recovery Steam Generator Based on LSTM-Transformer-SHAP Model

WANG Yifeng, XIAO Junfeng, HU Menggqi, XIA Lin, LIAN Xiaolong

Abstract: Proposes a data-driven “LSTM-Transformer-SHAP” hybrid model framework for dynamic operational
anomaly detection, diagnosis, and performance optimization of combined gas-steam cycle unit heat recovery
steam generators. First, a Long Short-Term Memory (LSTM) network model is used to accurately predict turbine
power and steam heat separately; then, a transformer adaptive reconstruction algorithm is applied to identify
anomalies in the steam cycle operational state, and STL decomposition residuals clarify the type of anomaly; next,
SHAP values are used to locate high-contribution parameters; finally, case analysis is conducted to estimate macro
uncertainty and formulate feedforward optimization strategies. The results show that the LSTM model predicts
flue gas heat and steam heat with mean absolute percentage errors (MAPE) of 2.0% and 1.2% respectively; the
LSTM model predicts turbine power and steam temperature with MAPEs of 1.5% and 0.3% respectively; SHAP
attribution analysis yields a MAPE of 0.21% for heat recovery steam generator steam temperature. After
optimizing the performance trend anomalies of the heat recovery steam generator, the reheat steam temperature
and high-pressure main steam temperature can be increased by an average of 2.30C and 4.68<TC respectively
under steady-state conditions, and steam cycle output can be increased by an average of 2.96 MW under
steady-state conditions.

Key words: Combined cycle power plant; peak load operation; long short-term memory network; SHAP analysis;
random forest; Anomaly Diagnosis
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Fig.4 Steam turbine power: a) Curve of actual and predicted values with the sample number of validation set; b) Curve of deviation
between actual and predicted values with the sample number; ¢) Comparison distribution chart of predicted and actual values; d)
Distribution chart of deviation frequency versus deviation magnitude; e) LSTM model error loss curves
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Fig.6 Curve of deviation between actual and prediction of reheat steam temperature test set over time and frequency distribution
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and contribution analysis chart

SHAP 7Y 3@ i 52 X4 H A5 2405 % B A AH
KSR, ARYE H AR S 5B 104 R e A
e CMERHEE[f QOB S (x) WAF H AR =
i, ZERSHIMERAFEE ORI -TE1E) AR
HEZE) 12 0 My A e NG kR w1 I 1A
SENBAL R o B 10 s N IR
S SHAP JJEFME ATk AT . B 14a
(1) SHAP JHE K/NrAiskG, TimkiE i KIS 4L,
T 5 AN A R R AR IR A IR IRIR RS, DL
FMERIES, BRERES, REZRRE, M
BAEZRR 58 PR B DTS & B E . A
P 10a (1) SHAP A{EMIES AL, BR T mEZ&AE
FIFEHGRIR AR R LSS, RS E L
TSk M4, YOI EE SR E W KPR
P R R (T ). AIET 100 384 DTk
BT L, 2L B AR ZZIR S H U R E =
AUE, WIHEARRBPLLET ARACE T, 250
N F735 AE 3 i FE KT

flx)
1

ESKRR
BESKER .92

RESKERN 0,46

BERKES B

AOBSE . #0-27

BmESKED ' +0-22

EESKRS po

AR p-o o5

- BRASkER 002

=3 =2 -1 0 1

E[AX)]
a) SHAP 11
High
FHAKRE L -
EEAKRE =
ShERATKED s g
EEakEn | T 3
EERATES '_iq E'm\'
NOESIRRE _' g
EEAIRE g E@
ANOESTHRE | i
BrRkE |
dbscan¥fE 1 1 1 i i i Low
SHAPHREILAFEE

b) FE&TTERE K

& 11 BH#CRIRRE SHAP HEMEEREE S TE
Fig.11 Anomalies of reheat steam temperatures SHAP force
plot and contribution analysis chart




10 &5

e

WFER

WK 11 B At AR VRS 5 DTk i
KitizH. ME 11a i) SHAP J1E K/ N ik E
BT 5 N hl e RGKmE, SRS KiE, KE
YRR T, W RS KR SR s R 25 7K 77 L SHAP
JMEMIESFCRE, TTEREE SR 8 NS HEFH WA
T R R ) DTERASE AE R . AN 11a R
AL FRZE 7K 85 i KT 1) s 22 A 28 A2 B i mT I
257K R AR BN T PO A A AR . AN 11b 1 2R
G ok B E R L, AR A LA AT B far K
T, FREEES LR E R 7R
HH AR K I AR H AR 5 R AR )N,
J2 IR A 9 7K R 1 22 G 52 1L PR 4 1) 140 e T g 30 7%
Ao TR AR RV SR S S A TR T
T, A RGEFA RS HA AT i %
2.3 AIIE SR E 547

ARV EEAE AT BT A5 o 7 5 AR T
AL A% 27 SRR AR 8 I S A 177 s Hicis TN 1) feke
18 19 F 2 {22 Jy-1.54°C o« M At 46 95 o
Transformer &340 75 R A LSTM Tl i) i
FREGE, PRI S T BB K P W 2
-0.18°C.o AL, 1% e 5 it 2 T AL Py 7 B g e R 9
BRJ5, Ul B AR IR P 2 T e 1.36°C; B2 TAR
A LU fa s vF B el R R R B ZGRIR
FEP¥ Ty 2.30°C. [RIBE, 44 5 fhw 25 TR0 AL ) -
SRR SRR, UG R T 2R VRIR P T
2.66°C; fads LIl NF47E 4.68°C.

ZEVRAEIN S ITE AT BB S0 AT, EALAR
SRR VI SR B s B34t Fo0) 1 ik e i 1 ~F- 25
i 22 49-3.95MW o A ER H 4 - Transformer
FA BRI S 5 A LSTM TR (i BE e, 7805,
FEIR 75 TR0 (e 1A ~F 3501 22 9-0.99MW . [l
b, K i 28 TR 1 B b AT B S, T
RIRIEAH 1P A L16MW; 8 TR s Lo
% JE B VS R R 2RI P T
2.96MW. £ BiRiiE, ¥ H s S 80 2 1
PINLLEfE FE K Re g S T+ R H ) I8 AT 1 B
2.4 BARIHGRE 22451 B AR

TR AN R SR EHVEA 2
B IS I ASR T AR RN IE A5 AT AS 5% ol 2% 2 ik
IIFARRAE IS E R, iR S5 FE Y AR
S R EE RURR T AR B T AR TR I R T
mil, SEHAESEEMEE THRERRE. &
TR S st M 0 A B IR R, R R IS R
S E I AERE T B ), e S bR I R A

http://rlfd.cbpt.cnki.net

BEIM (Resid)
o | —— [EHAIR (Seasonal)
&= ) : i ‘

-2
3023*04*0? 2023-04-13 2023-04-17 2023-04-21 2023-04-25  2023-0420%3-05-01 2023-05-05

|8,
E 12 §ERSERBITHRESBRERSHRE
Fig.12 Deviations of high-pressure drum wall temperature
operation data from healthy state

5 HENMER: 8% BHS5K)
o HKZEI (Resid)
3 0 —— [EHA (Seasonal)
€,
R
H o
o
e
g0
-1

2
9023*04~0¢ 2023-04-13 2023-04-17 2023-04-21 2023-04-25 2023-042093-05-01 2023-05-05
B8]

[ 13 ZRBIENBITHESRERSRE
Fig.13 Deviations of steam cycle power output operation data
from healthy state

Wl 12 Froi o i A R B I A R TR A
W2l ih 2, B 13 R ZRVRIEIN ) 1 2 55 ik
k. siamEmT i, 202344 H8 HEI5H 1
H s aT LA B, B e iR BE T R S5 i
ZfE 4 79 0Bl — R RH, ERETEA
H 73 A X6 L R s T8 BETE 5 5 B Ak IR A HUIR
A, WHZN S SHERIL RS, TfE 2023
5 A 2 HEUEREdES, w] DA A SRR
TOECHR R 25 3500l 28 (2 RS 40-10°C, RN 289708
I S i 22 IR S S, BERIZAL
ST B R A PR BN RS, N R S
FEWA AN L& 5ROy . (HARERE, 18
TR S RBOIRS M ZEE 5 H 2 HETEX
T FHHUFEAT B, Bt L
SRR By S U GRS B = SR TR R

34518

DLSTM TR B HH S AN 2877 2 B I o
SERF TR AR IR =, T EL LSTM B 7 2 2400
DBLRL S TN ST E BRIIE DL R Be PR &
L. X REHL. VRECHLFI B GRIR R
F) LSTM TR, H MAPE ¥t T 2%, 36iF T
RS ST R RGP AN ER%
IR, BENUARMBL LR IO 2] i R
WAt (MAPE 4 0.21%)

2) Transformer s 3 6 MBS A 7Y ) e 3k oK
TR PR S A B B PO A R, R EGER




I

XX & XX 11

RSB R B, AT T BRI
SPIIPRETE T 1.36°C, ik EAAVRIRE PRI T
2.66°C, Z&VRIEHH JI°F8EH T L.16MW. 1ER
JEHI P RAGBIR, TENLZL IR E K T REAl A
BRI 0.45% ., T A R ANHf e BE BRAIE T
BRI o} S (P HERF 2 AT

3) T PENLARMABALS SHAP AT, &
iR 7R T 5 /E R HLEE, ATSRR AL S 1 SE AT
BARFHBATHERE . AR A W 2GR 7w
DUBR KT TLA S50 s IR IR R IR IR S5 T
71, AR 5 A e R R
THAKRBESFIRAREHREZARESS
A AT I0IE T HLes 2% 3 7V RERS 3R
SIEHL A M I T 2 3= B o

B GBI B, A A R ) T b (1]
FrRGAEIRE, B TESERE, B
BF T W RIBITINAET S 2 et

[& % 3 @]

[1]] MANATURA K, RUMMITH N, CHALERM
SINSUWAN B, et al. Gas turbine heat rate prediction in
combined cycle power plant using artificial neural
network [J]. Thermal Science and Engineering Progress,
2025, 59: 103301.

[2] CHEN Y, HUANG X, LI W, et al. Application of deep
learning modelling of the optimal operation conditions of
auxiliary equipment of combined cycle gas turbine power
station [J]. Energy, 2023, 285: 129331.

[3] ANBELIC N, LORENCIN I, MRZLJAK V, et al. On the
application of symbolic regression in the energy sector:
Estimation of combined cycle power plant electrical
power output using genetic programming algorithm [J].
Engineering applications of artificial intelligence, 2024,
133: 108213.

[4] ZHANG J, ZHANG M, YANG J, et al. Prediction of
electricity load generated by combined cycle power plants
using integration of machine learning methods and HGS
algorithm [J]. Computers and Electrical Engineering,
2024, 120: 109644.

[5] ASLAN A, BUYUKKGE A O. The Effects of Increasing
Ambient Temperature and Sea Surface Temperature Due
to Global Warming on Combined Cycle Power Plant [J].
Sustainability, 2025, 17(10): 4605.

[6] ARFERIANDI Y D, CAESARENDRA W, NUGRAHA H.
Heat rate prediction of combined cycle power plant using
an artificial neural network (ANN) method [J]. Sensors,
2021, 21(4): 1022.

[71 XEZONAKIS V, SAMUEL O D, ENWEREMADU C C.
Modelling and Output Power Estimation of a Combined
Gas Plant and a Combined Cycle Plant Using an Atrtificial
Neural Network Approach [J]. Journal of Engineering,
2024, 2024(1): 5540010.

[8] ZHAO Y, FOONG L K. Predicting electrical power output

http://rlfd.cbpt.cnki.net

of combined cycle power plants using a novel artificial
neural network optimized by electrostatic discharge
algorithm [J]. Measurement, 2022, 198: 111405.

[91 SALEEL C A. Forecasting the energy output from a
combined cycle thermal power plant using deep learning
models [J]. Case Studies in Thermal Engineering, 2021,
28:101693.

[10] PACHAURI N, AHN C W. Electrical energy prediction of
combined cycle power plant using gradient boosted
generalized additive model [J]. IEEE Access, 2022, 10:
24566-77.

[11] ASGHAR A, RATLAMWALA T A H, KAMAL K, et al.
Sustainable operations of a combined cycle power plant
using artificial intelligence based power prediction [J].
Heliyon, 2023, 9(9).

[12] QU Z, XU J, WANG Z, et al. Prediction of electricity
generation from a combined cycle power plant based on a
stacking ensemble and its hyperparameter optimization
with a grid-search method [J]. Energy, 2021, 227: 120309.

[13] Y1 Q, XIONG H, WANG D. Predicting power generation
from a combined cycle power plant using transformer
encoders with DNN [J]. Electronics, 2023, 12(11): 2431.

[14] WANG T, YE C, HU H, et al. Accurate Gas—Steam
Combined Cycle Efficiency Prediction Based on Neural
Network Model [J]. Symmetry, 2025, 17(3): 318.

[15] DANISH M S S, NAZARI Z, SENJYU T. Al-coherent
data-driven forecasting model for a combined cycle power
plant [J]. Energy Conversion and Management, 2023, 286:
117063.

[16] SIDDIQUI R, ANWAR H, ULLAH F, et al. Power
prediction of combined cycle power plant (CCPP) using
machine learning algorithm-based paradigm [J]. Wireless
Communications and Mobile Computing, 2021, 2021(1):
9966395.

[17] SANTARISI N S, FAOURI S S. Prediction of combined
cycle power plant electrical output power using machine
learning regression algorithms [J]. Eastern-European
Journal of Enterprise Technologies, 2021, 6(8): 114.

[18] GARC A-NIETO P, GARC A-GONZALO E,
PAREDES-S&\CHEZ J, et al. Machine learning model
for hourly power forecast in combined cycle plants using
MARS and whale optimisation [J]. Thermal Science and
Engineering Progress, 2025: 103885.

[19] Wik, R, BRE. MEHHEA 5 N T8

AR EE LR L R e P T 0 7T [ Ak
H, 2024, 53(03): 117-25.
Xie Yuesheng, Wan Zhentian, Li Junkun, Typical fault
warning method of gas turbine compressor combining
thermodynamic model with artificial neural network[J].
Thermal Power Generation, 2024, 53(03): 117-25.

[20] ZE7ktE, BRfhte, Wioohn. B T80kl R s L
Relill 77i% [J]. 3h 7 THE2EH, 2024, 44(12): 1845-53.
Li Yonghua, Chen Weihua, Xie Yingbai. Data-driven Gas
Turbine Performance Monitoring Method [J]. Journal of
Chinese Society of Power Engineering, 2024, 44(12):
1845-53.

[21] BT, FRAFRE, BE, et al. 3T PCA-SSA-LSTM [1)
RPBOIRZS IR [0 IR HL, 2023, 52(10):
86-94.




12

kA% e

WFER

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

Guo Hongli, Chen Shiyi, Tang Yan, et al. Condition
monitoring model of HRSG based on
PCA-SSA-LSTM[J]. Thermal Power Generation, 2023,
52(10): 86-94.

258y, WE7EE, BEEK, etal. #F PCA-PSO-LSSVM KJ
FEL 3l 0 0 0 e T AR B T [3]. A ko, 2021,
50(12): 43-50.

Li Yang, Lan Maowei, Zhao Guogin, et al. Study on
prediction model of utility boiler efficiency based on
PCA-PSO-LSSVM[J]. Thermal Power Generation, 2021,
50(12): 43-50.

R, BREHE, EE R, et al. BCA IR HLA R AL
R BUBRME T [3]. #4J7% H#, 2020, 49(07): 130-6.
Hua Xinguo, Chen Shiyi, Cao Qiwei, et al. Efficiency
sensitivity analysis for HRSG of combined cycle unit [J].
Thermal Power Generation, 2020, 49(07): 130-6.

BEAZE, RHEULHl. HET TSL-IPSO MM - 2V A TE IR
MU B tar 5 AR B 30 [0]. #ABEsh J TR, 2024,
39(07): 100-6.

Sui Mingxin, Kang Yingwei. Identification of Load Object
Model for Gas-Steam Combined Cycle Unit Based on
TSL-IPSO [J]. Journal of Engineering for Thermal Energy
and Power, 2024, 39(07): 100-6.

TOEME, HEE, SR, et al. JET SA-PSO IR AL
RIS SRS WO VERR T (3], #Ee3h ) L
&£, 2021, 36(08): 28-32.

Huang Zhongsheng, Xiao Wang, Hu Zhenchao, et al.
Study on Gas Path Fault Diagnosis Method of Gas
Turbine Based on SA-PSO Hybrid Optimization
Algorithm [J]. Journal of Engineering for Thermal Energy
and Power, 2021, 36(08): 28-32.

BRAT, TkINFE. 3T PCA-FINCH [FBSIENLL R 2 W7 )7
¥ ] IR, 2023, 52(09): 147-54.

Qian Hong, Zhang Xiantao. Fault diagnosis method of
coal mill based on PCA-FINCH [J]. Thermal Power
Generation, 2023, 52(09): 147-54.

R, e, R et al. BT ZIOREM R E
AEACLEE B F ol B AREATL Wb R e TV [3]. IR,
2022, 51(12): 64-71.

An Jizhen, Qiao Shichao, Chen Heng. Research on
intelligent early warning of coal mill failure in power
station based on multi-state estimation and vector
similarity [J]. Thermal Power Generation, 2022, 51(12):
64-71.

MR, EHR, %12, et al. JETEh&LIZAERERINAL
Z TUIRAS M TH I F s DL s T A SE AL TV [3].
J1J% H, 2025, 54(03): 140-9.

Yu Xinggang, Wang Richeng, Zeng Jun, et al. Fault early
warning and recognition of power plant auxiliary
equipment based on dynamic memory matrix and
weighted MSET [J]. Thermal Power Generation, 2025,
54(03): 140-9.

B, REE, i, et al. ETFHLERY I MIE EE
WAL A TR R L B R P RE PR [9]. YRR
1-11.

Yang Zehua, Jing Yingying, Li Haowei, et al. Analysis of
factors influencing the properties of direct coal
liquefaction naphtha and its reforming products [J]. Clean
Coal Technology: 1-11.

[30]

[31]

[32]

BUNES, RS, 1R, et al. JETHER IR G 48
A% BT BE R TR DT 9% [J]. K H, 2023, 52(07):
106-12.

Wei Xiaobing, Cui Zhipeng, Xu Jing, et al. Data-driven
method for predicting the wall temperature of heating
surface of supercritical boilers [J]. Thermal Power
Generation, 2023, 52(07): 106-12.

&FE, BKH, BARE, et al. BT A7 0] =428
SESTRRIE ) VIR B[], b [ AL LR
%, 2025, 45(10): 3924-34.

Jin Xiuzhang, Zhao Dayong, Zhao Shushan, et al.
Prediction Model of Main Steam Temperature of
Coal-fired Power Plant Based on Phase Space
Reconstruction-deep Learning [J]. Proceedings of the
CSEE, 2025, 45(10): 3924-34.

ZkEk, TN, K&, et al. M-B-E-AREHL— Ak
ARG RAREREMNA D] T EEH TR,
2025, 45(02): 489-502.

Li Yongyi, Wang Zihan, Zhang Lei, et al. Capacity
Allocation Optimization of Integrated Hydrogen-electric
Coupling System of Wind-solar-hydrogen-gas Trubine [J].
Proceedings of the CSEE, 2025, 45(02): 489-502.

[3BJE—F, BEE, WK, & KIFRRTIRHIKEIES

HUA = PR P s S AR A nr 38 AT FUR AT K.
1%, 2023, 52(12): 79-89.

WANG Yifeng, ZHAI Chunhua, HUANG Qing, et al.
Off-design modeling of heat recovery steam generator in
heavy-duty gas turbine combined cycle unit and variable
load operation research[J]. Thermal Power Generation,
2023, 52(12): 79-89.

[34]£—F, BHEE, WK, & HERTRHIKRSIEAIL

http://rlfd.cbpt.cnki.net

=T PR PGP sh A AR P AT R[] 4
7152 |, 2024, 53(11): 89-100.

WANG Yifeng, ZHAI Chunhua, HUANG Qing, et al.
Dynamic modeling of heat recovery steam generator in
heavy-duty gas turbine combined cycle unit and variable
load operation research[J]. Thermal Power Generation,
2024, 53(11): 89-100.

(Fi{EgmEE  XXXO




