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Deep Learning-based Fault Diagnosis of Moisture Separator
and Reheater Digital Twin System

WANG Ke-xuan, XING Tian-yang,ZHU Xiao-liang
(School of Energy and Environment , Southeast University , Nanjing, China, Post Code ;255052)

Abstract ; In order to solve the problem that the accuracy of traditional fault diagnosis model is limited by
the scarcity of fault samples and the coupling of time dimension and variable dimension of fault data, a
fault diagnosis method based on deep learning is proposed for complex industrial systems such as moisture
separator and reheater system. Firstly, the digital twin system of moisture separator and reheater is con-
structed to establish the fault diagnosis data warehouse and solve the problem of scarcity of data samples.
Secondly, based on the previous step, a fault diagnosis model based on deep residual network is construc-
ted to diagnose the typical faults of steam water separation and reheat system, including uneven flow,
break, deterioration of heat transfer and change of valve characteristics, so as to solve the problem of
time-varying and multi-dimensional data variables. The simulation results show that the digital twin sys-
tem can realize the accurate simulation of the steady-state, dynamic and fault conditions of the steam wa-

ter separation and reheat system, and meet the data requirements of the subsequent in-depth learning
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model ; the fault diagnosis model based on deep residual network can realize the fault diagnosis of time-

varying and multi-dimensional industrial data. The T-distributed stochastic neighborhood embedding

(TSNE) methodis used to visualize the model and verify that the suggested diagnostic model distinguishes

significantly between different fault types of data.

Key words: fault diagnosis, deep residual network, digital twin, moisture separator and reheater system
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Fig. 3 Flow chart of method
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Tab. 1 Main design parameters

1 S LR 2 SIS
TAEH J1/MPa 2.749 1.002 6.350 0.987
T AR/ C 229.0 180.0 279.3 220.9
Fitm/t-h! 126.39  2073.57 151.98  2073.57
FEEL 4 - 4 -
PR/ m? 6 653 - 6 653 -

%#2 TMCR IR T MSR FE#NSH
Tab.2 Main thermal parameters of MSR under
TMCR condition

Z Bl PiEAE  HAXTIR2E%
FHRA N kges ™! 1340.01 1340.01 0
— P H G R kg s 70.21 70.21 0
TR kg s ! 84.43 84.43 0
FER N O kges ™! 1151.98 1151.98 0
Gy SR 7K I i/ MPa 188.03 188.03 0
FFIEA O JEH/MPa 1.012 1.012 0
YRR 5 . 71/ MPa 1.002 1.002 0
Sy ESERB K F1/MPa 0.997 0.930 7.24
F95 M A S/ MPa 0.972 0.972 0
— R FIIEIRIE 1/ MPa 2.749 2.749 0
— R FIBT K 1/ MPa 2.694 2.693 0.04
Y EIIE J1/MPa 6.35 6.347 0.05
R K )/ MPa 6.226 6.224 0.03
FHEA LG/ KT kg ™! 2493.8  2493.9 0
AR ZEEMS /K] kg™ 2776.4 2776.4 0
S ERBIKIE /K kg ™! 762 763 0.13
FARM A /K] kg ™! 2990.9  2991.0 0
— Y IGEIRHS /K] kg 2641.4  2641.4 0
— P FASE /K] kg ™! 986.3 986.6 0.03
TGN/ K] ke ! 2772.1  2772.1 0
TR PRBK A /K kg ™! 1167.6 1167.1 0.04
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Tab. 3 Fault characteristics
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