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Abstract: In industries for gas turbine rotor, there are a large number of normal operation vibration signal sample data and few fault
data,which caused fault diagnosis accuracy lower. A gas turbine rotor deep transfer learning fault diagnosis method is proposed. First, a
first-layer wide convolutional kernel deep convolutional neural network ( WDCNN) model is pre-trained with a typical industry sample
dataset, obtained the model initial weights. Second, in the source domain, the weights of the WDCNN model are updated using a large
number of normal operation samples obtained from the test drive of a certain type of gas turbine; In the target domain, the normal and
fault data sample characteristics of the gas turbine are extracted by using the convolutional layer trained in the source domain, and then
the support vector machines (SVM) are used for classification identification, so as to achieve the gas turbine fault identification. The
experimental results of the test data show that the method identification accuracy is 96% , which verifies the feasibility of migrating the
pre-trained deep learning model of the bearing dataset to the field of gas turbine rotor for fault diagnosis.
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Fig. 1 Diagram of model structure
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Table 1 Samples setting of bearing datasets

W MEBEAE B EA/mm YIZREEAR BIFREAR
0 Jc 0 700%x2048 200%2 048
1 Rk 0.177 8 700%2 048 200%2 048
2 Rk 0.355 6 700x2 048 2002 048
3 R 0.533 4 700x2 048  200x2 048
4 A1z 0.177 8 700x2 048 200x2 048
5 M 0.355 6 700x2 048 2002 048
6 R 0.533 4 700x2 048 200x2 048
7 S1 0.177 8 700x2 048 200x2 048
8 PN 0.3556 700x2 048 200x2 048
9 PNl 0.533 4 700x2 048 200x2 048

%2 WDCNN ME&EMIEE
Table 2 Setting of WDCNN model

Hs MR ﬁiﬁz #iff iR FAb
1 B 64x1/16x1 16 128x16 B2
2 itk 1 2x1/2x1 16 64x16 w
3 B2 3x1/1x1 32 64x32 B2
4 ik 2 2x1/2x1 32 32x32 4
5 B3 3x1/1x1 64 32x64 2
6 Ak 3 2x1/2x1 64 16x64 75
7 B4 3x1/1x1 64 16X64 B2
8 ik 4 2x1/2x1 64 8x64 75
9 HBRS 3x1/1x1 64 6x64 w
10 ik 5 2x1/2x1 64 3x64 7w
11 L 100 1 100x1
12 Softmax 10 1 10
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Fig. 7 Precision figure of bearing datasets
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Table 3 Samples setting of the gas turbine rotor

P& Ol T I, PIEZE S IUFFEA
0 EH 0.1 LA JEL 2100x2 048  600x2 048
1 IEH 0.2 TH  HEL 2 100x2 048 600x2 048
2 EH  0.35 T4 Vi 2 100x2 048 600x2 048
3 EH 0.6 T4 JEIEL  2100x2 048  600x2 048
4 E®H 0.8 T JEEL  2100x2 048  600x2 048
5 IEH LOT#H  JFHEL 21002048 600x2 048

R T I R e BRI 2k WDCNN A5
PIFFESR I BE R E5 5 1 B ERZ I 1 BERES
BRI G AR As , el Ghad R rp, oy B i AP 2
ZR 5 EEBZ M # RN 0.000 1, KD
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Fig. 10  Precision figure of gas turbine normal rotor datasets
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Table 4 Samples setting of the gas turbine rotor

bR e FI B YIGEEA  BFFEA
0 [3¢ R HFRtE 2 100x2 048 6002 048
1 W PRGN BAREL 2 100x2 048 600x2 048
2 IE® 035 A HEREL 2 100x2 048 600x2 048

2 0] R AR B U AR S BO0R hy 3B B 22 ™)
KRB S, N SR k BB TR AN R A, R R R A 1Y
LR CR T B Rk, IR S RN
0.000 1,3%ARKECH 100, LK/ 128,

TEMBEREA DI BARMT S5, B e T Softmax 43
FEARNT B RUZ SR A R AE AT 432, 15 96 E 42 50 E 1Y
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Fig. 13 Classification effect of SVM
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Table 5 Experimental results of different methods

(%)
Jrid PRk I AERA R
SVM 89 85
CNN 90 88
JDA-DBN 92 90
' 99 96

3 % it

AT KT WDCNN-SVM I8 JE 1T 8% 2% > (4%
SRAFE TR W A T H A s 2 Wiy ik A
AT P8 5000 BAR T RSN TFBOE S i e 28 55 4 |
BHRFEA B L 2 I 2 ) B
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