Vol.42 No.8
Apr.16, 2014

a2k 5
201444 A 16 H

D EE RSB EL

Power System Protection and Control

Al S HEAE SR S E MRV 5 & A BIRNBIEIZ 5%

FRiE S, Fas, KRR, B F L NEH T, K B
(1. BB K F QA LER, @I AHF 610500, 2. #Bb @A T o Lkb, #58 LEDEK 834000)

FEE. APRTIRAAE R AR ) HE 147 o =T 0 R SO VA B4R R UL 4K A5 09 1AL, 42 —F Ak AR £ 32 i Fo it 2 W)
IR A SR MALLAR D IE S W ik . A B R ALK B IR S 12 5 RIGHFAESIE HATA R, Ry TAIEE. #
HRE R b2 M ALt L, FARAT 69Ab 22 ML WK SAb & AR IRFNE . RIS L5 BRI T FTR F ik oA 2, AMK
FAE R BALA IR IE G PR 5 WA T ST A H 0937 %0k,
KEEIR: RAIEL AU, KESH; kg, AL ML

Fault diagnosis of gas turbine generator set by combination of rough sets and neural network
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Abstract: In view of the problem that fault diagnosis for gas turbine vibration generator set parameters is difficult to reflect the state
of unit fault directly, a fusion of rough set and neural network for gas turbine generator set vibration fault diagnosis is presented.
Rough sets theory is applied in reduction of the original features of the vibration signal characteristic value data to remove
unnecessary attributes. An optimized neural network structure which is used to fault diagnosis of gas turbine generator set is

established based on rough sets. The experimental results show that the method is effective and provides a new idea for gas turbine

generator set vibration fault diagnosis.
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Fig. 1 Structure of BP neural network
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Table 1 Decision table of gas turbine generator set typical

vibration fault characteristic value

U cy () 3 cy cs ce c7 cs D
Xo 0 0 0 0 0 0 0 0 do
X 1 1 1 0 0 0 0 0 d
X2 0 1 0 1 0 0 0 0 d
X3 0 1 0 1 1 1 0 0 d
X4 1 1 1 0 0 0 0 1 d
X5 0 1 0 1 0 0 0 0 d
X6 0 0 1 0 0 0 0 0 d
X7 0 0 0 0 1 0 0 0 d>
X3 1 0 1 1 1 0 0 0 d>
X9 1 1 0 0 1 0 1 0 d>
X10 0 0 0 0 1 1 1 1 d>
X11 1 0 1 0 1 0 0 0 d>
X12 0 1 1 0 1 0 0 1 d>
X13 0 0 0 0 0 1 1 1 d;
X14 0 1 0 0 0 1 1 1 d;
X15 0 0 0 0 0 1 0 1 d;
X16 1 0 1 0 1 0 1 0 d;
X17 0 0 0 0 1 0 1 0 d;
X18 0 0 0 1 1 1 1 0 d;
X19 1 0 0 0 0 0 1 0 d;
X20 1 1 1 0 0 0 1 1 d;
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Table 2 Decision table of fault diagnosis based on feature

attribute reduction

U &) c3 Cs c7 e D
Xo 0 0 0 0 0 do
X 1 1 0 0 0 d

X2,X5 1 0 0 0 0 dy
X3 1 0 1 0 0 d
X4 1 1 0 0 1 d
X6 0 1 0 0 0 d
X7 0 0 1 0 0 d>

X8,X11 0 1 1 0 0 d
X9 1 0 1 1 0 d>
X10 0 0 1 1 1 d>
X12 1 1 1 0 1 d>
X13 0 0 0 1 1 ds
X14 1 0 0 1 1 d3
X15 0 0 0 0 1 ds
X16 0 1 1 1 0 ds

X17,X18 0 0 1 1 0 d;
X19 0 0 0 1 0 ds
X20 1 1 0 1 1 ds
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Fig. 2 Algorithm process based on rough sets theory and BP

neural network
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Table 3 Test samples
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0 0.006 8 0.0379 0.0510 0.020 6 0.2112 0.768 3 0.0059 0.006 6
1 0.0149 0.7825 0.014 6 0.2319 0.196 1 0.0314 0.0455 0.0293
2 0.020 1 0.1757 0.018 1 0.006 8 0.559 8 0.144 3 0.026 4 0.048 2
3 0.302 2 0.2104 0.046 0 0.086 8 0.1687 0.063 4 0.087 3 0.0532
4 0.3395 0.0913 0.027 4 0.120 6 0.166 2 0.099 0 0.2440 0.267 4
5 0.122 1 0.0732 0.088 5 0.021 6 0.038 1 0.027 4 0.027 6 0.0454
6 0.0343 0.997 4 0.003 3 0.0433 0.0256 0.0192 0.017 1 0.022 4
7 0.0327 0.057 4 0.027 8 0.002 0 0.358 2 0.480 2 0.0319 0.128 5
8 0.049 2 0.0230 0.048 7 0.0210 0.4129 0.178 8 0.264 1 0.174 2
9 0.008 9 0.040 7 0.012 8 0.003 3 0.822°5 0.172 6 0.028 0 0.006 3
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Fig. 3 Fusion of rough set neural network training error curve
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Table 4 Neural network target output and actual output table

P H b BP #h&  EARIREAE S BP P&
“ehih Bkl
0 00000 00010 00000
1 01000 01000 01000
2 00100 00100 00100
3 00000 00100 00000
4 00010 01010 00010
5 00000 00000 00000
6 01000 01000 01000
7 00100 00110 00100
8 00010 00010 00010
9 00100 00100 00100
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Fig. 4 BP neural network training error curve
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