37 B 12 Erl fie 5l Wil T i Vol.37,No. 12
2022 412 A JOURNAL OF ENGINEERING FOR THERMAL ENERGY AND POWER Dec. ,2022

CEES 1001 —2060(2022)12 0165 - 09

EFHLEESTOMS BRI R 55 BN EL 5

iR EER FiERT R B

a4

(1. g ) K% Az TR¥, Lig 20009052, ki T o & 3h L OUR A2 B A IR A 8, L i 200233)

i

B B ATTEALEALIEEA Y AERSIAR K F T I G EEK Ao 0 LAHRNE” i F B LR K
WE P AR AR R T & 588 A 4% (Variational Mode Decomposition, VMD) | B = )2 A2 A ( Autoregressive Model , AR ) #=
#23 Ah E 4= FF AL ( Light Gradient Boosting Machine, LightGBM ) ik e ¥k S 6Lz 4 R o BB W F ik, B %
xR 45455 34T VMD-AR #AZ, R BUR B R AE M o) M RE A AR &) 2 5 KRG ARYE R Bl & B4 & e 3 g £ AR 5 A
LightGBM A A ; 5 & KA N ot AR Fk AL 5 B35 W B AL o 6 48 A3k, 5F B A M5 5 dir N AL AL 3 47 e300 T
2R AV TSk AR B 34 5 95% A L a3 E AR A LA B R 62 ALAE T

%G RCURBUR R AR BN A FIE S FE RO B T

& 4355 . TK478 X ERFRIRAD : A DOI:10. 16146/j. cnki. rndlge. 2022. 12. 021
[SIAARSEX T ZIER, &R, TR, & . 2 Tl ) B UL h R 2 )2 i mis W [ 7). #ARe 3 1 T, 2022, 37

(12) :165 - 173. PENG Dao-gang, PEl Hao-ran, YIN De-bin, et al. Hierarchical fault diagnosis of gas turbine control system based on ma-

chine learning[ J]. Journal of Engineering for Thermal Energy and Power,2022,37(12) :165 —173.

Hierarchical Fault Diagnosis of Gas Turbine Control System
based on Machine Learning

PENG Dao-gang' ,PEI Hao-ran' , YIN De-bin* ,ZHANG Teng'
(1. College of Automation Engineering, Shanghai University of Electric Power, Shanghai, China,Post Code:200090;
2. Shanghai Institute of Process Automation & Instrumentation, Shanghai, China, Post Code ;200233)

Abstract: Aiming at the problems of large network scale,long learning and training time and easy knowl-
edge " combination explosion" in practical applications of traditional algorithms which lead to network or-
ganization failure,a hierarchical fault diagnosis method of gas turbine control system based on variational
mode decomposition ( VMD) , autoregressive model ( AR) and light gradient boosting machine ( LightG-
BM) algorithms was proposed. Firstly, the original signal was modeled by VMD-AR to obtain the most
representative fault feature vector. Secondly ,multiple LightGBM models were designed according to differ-
ent hierarchical characteristics and fault types. Finally, the Bayesian optimization algorithm was used to
optimize the hyperparameters of the hierarchical diagnosis model ,and the signal to be tested was input in-
to the model for fault diagnosis. The results show that the proposed algorithm can not only achieve a fault
recognition rate of more than 95% , but also has stronger generalization ability.

Key words: gas turbine control system, hierarchical diagnosis, feature extraction, light gradient

boosting machine
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Fig. 1 Structure diagram of gas turbine control system
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Tab. 3 Fault recognition rate of n —f layer( %)

Ve EMD VMD VMD + AR
LightGBM 90. 68 92.05 92.37
RF 89.42 90. 58 91.14
TPOT 91.36 92.05 92.73
K - NN 88.09 89. 83 90. 13
SVM 87.86 88.29 88.57

x4 TEREMERFNZE(%)

Tab. 4 Fault recognition rate of element level ( % )

VSt EMD VMD VMD + AR
LightGBM 92.86 92.57 93.79
RF 90.92 90.73 92.46
TPOT 91.56 93.11 93.35
K - NN 89.51 91.19 92.27
SVM 89.28 89. 60 89.71
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Tab. 5 Fault recognition rate of element-layer 1( % )

e EMD VMD VMD + AR
LightGBM 91.43 92.15 92.85
RF 89.75 90.29 91.52
TPOT 91.13 92.28 92.37
K - NN 90. 54 91.10 91.97
SVM 89. 04 89.63 90. 56

F6 T2 EHEIRANE(%)

Tab. 6 Fault recognition rate of element-layer 2 ( % )

Ve EMD VMD VMD + AR
LightGBM 91.52 93.22 93.92
RF 90. 12 91.27 91.76
TPOT 92.13 92.85 93.55
K - NN 91.23 90.21 91.61
SVM 90. 15 89.32 90. 82
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Tab. 8 Optimal parameter combination

i N PO kR R
Wi SR

R/ % /% JE/ %
n-fE [12,47,0.93,0.90,0.18,0.27] 95.65 95.27 95.03
JGTEE  [7,12,0.93,0.92,0.51,0.35] 94.98 95.67 94.45
1) [5,6,0.82,0.81,0.92,0.72] 95.27 96.38 95.41
JE2)2  [3,14,0.88,0.65,0.17,0.33] 95.51 95.83 94.91

4.5 R

KRS 4% 2 AR AR SR A A T2 Wi
REBAPEAR &1 , itk — 2B X AL AT 40T , A4 T iy
IRAE B HA AR TG0 A 2845 51, 15 24



- 172 - #oHe B

T2 2022 4F

W B2 37 Z B H ( Receiver operating characteris-
tic, ROC) {4, W&l 11 fif /R, ROC il £k %) T &
IERABIERZ AR, — B, th a4
M AR, il 2R R R (Area under the curve,
AUC) ATAE R PR B () P8 bR o 2 (E B 42T 1 A
Ml ZAE/NT 0.5 REAAG 2%

32k *% % 0’ @ " 130L° 2. °s °2 0‘.0.
° .o....'..o’.o ’.o @® .fc :.o ::n .:o
26—‘ ... ‘. .o. ... ® 110—..0 .. ..‘o..n .‘
izl :‘oo.‘o.o %, .o': . %: o .'.. a‘. o‘.‘ of
BO20r%, v, e, 8, V08 202 e (8
b o Jeedef el 3, 0% %y %y
& 14 . o‘*..t ..{ . J . o 70 —.o..‘.o .: .o.. °.o . K
L X J L] .. ‘ .. ° .' ° . .. . '
ERACRIIEI I EE SRR
20 { 1% % % W, 30 ke %o ®e % | %6,
0 50 100 150 200 0 50 100 150 200
x] x2
1.00F O e
°, '.o. ° l.'..
0.95 091 ¥oow 1
) * . . .l'-.’.:. o8 %o o
o 9% ‘. ‘.-'...'. s o
EO.QO— ,  § ~ 0.8-° .':o..:'o.‘ .'. - ‘{.
B s ,. UECAISES B
0.85 & 07 o o %
0.80 = 1 | I 1l 0.6 —T' ° |. I |
50 100 150 200 0 50 100 150 200
EA %,
1.0 1.0
0.8 0.8 “p
izl
0.6 0.6
E y 'og %
& 0.4 0.4 &% 00l o0 g
02| x 02| " A N
o ¢ ®
oL I 1 I 1 0, v e il I
0 50 100 150 200 0 50 100 150 200
Xs X6
HEARUE BARUE

B 10 SHMETRETRL

Fig. 10 Parameter optimization process visualization
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