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Manifold structured semi-supervised extended dictionary learning for
rotating machinery fault diagnosis
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Abstract: Aiming at the problems of insufficient labeled data and poor discriminability of traditional fault diagnosis
models, a manifold structured semi-supervised extended dictionary learning for rotating machinery fault diagnosis (MS-
SSEDL) is proposed. First, in order to improve the problem of poor recognition performance due to the lack of labeled data,
an unlabeled data reconstruction error term is proposed in the MS-SSEDL model, and the unlabeled data is used to learn
the confidence matrix, so as to learn the extended dictionary to enhance the representation of dictionary learning. Then,
in order to enhance the discriminativeness of the MS-SSEDL model, by preserving the manifold structure of the data, a
sparse representation of the intrinsic geometric information in the data is learned, and the signal representation ability and
dictionary discrimination ability are enhanced. Finally, experiments on public datasets of digital images, bearing faults and
gear faults show that the proposed MS-SSEDL method outperforms other state-of-the-art methods.
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Table 1 Experimental results of digital images

%
Jiik:

USPS MNIST
DKSVD 67.5+1.8 71.4%£1.7
FDDL 852+1.2 82.5+13
LC-KSVD 76.9+1.3 73.0+1.3
OSSDL 80.8+2.8 732%1.8
S2D2 86.61.6 77.610.8
SSR-D 87.2+0.5 83.8+1.2
SSP-DL 87.8+1.1 858+1.2
DSSDL 90.2+0.9 88.3+1.5
SSDL-GA 93.6£1.0 90£0.8
MS-SSEDL 94.5+0.7 88.61+0.6

FMER3HR T ASF 7 R AE 513853 5 M0 Hp Al
2 Hp R Bh A& B 42 O HERR L. WSR2 FIR3 T 41, 5
HoAh R J7i2:4H b, MS-SSEDLERAS 5 I A 2R, H.
MS-SSEDL# 434 H 5814 £98.12% 4 F% . FDDL /7
YRR R TR A B MR, TR AE X REEAS e4T
(R 255 AR 43 #r, MS-SSEDLAE HUAS B8 = R kS
B, ) 2 A b 2R U D B, MS-SSEDL AL A 5
KAARHA . 20 JURRAS [F] 5 1% R HERF 2R B A A 2 50
(1751, M2 R85 B B W2 B b 28 H s i Xt
TR 1 8 1 52 W, 2 s 28 U4 B /D iF MS-SSEDL
ST RINE S

B3 NAFIZE IR B AR 22 A5 R 2515 S Rets LT
(1) E R I8 28 1) 7 R o, TS 5 1 B R 22 ik /).
M3 E AR 2= RE S HE, 3 (a) NIEH (5 S E
PR ZE, IEH 5 5 I RE 0SS 0T (1) B IE H 2R ) 3R
71N, TS N ) EE AR 22 /S, DRI B8 )0 H A5
BT IERE 53850, XK PMS-SSEDLAEW FL 4T 1)
FoRX RRAE T, X HAN RS 5 ROR A IR ZE, FIt
MS-SSEDL B A # T (R PERE.
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% %o
AhREEAR R AR
Tiik Tiik
5 10 20 40 50 5 10 20 40 50
DKSVD 36.87 39.37 45.62 48.12 537 DKSVD 34.37 40.1 48.75 50.62 60
LC-KSVD 37.5 41.9 54.4 58.1 59.3 LC-KSVD 425 45.6 50 52.2 63.7
FDDL 61.87 75.62 80.12 80.12 81.25 FDDL 71.5 78.12 835 8375 86.87
SVGDL 38.4 394 4237 443 52.3 SVGDL 43.1 47 482 5123 5436
KKSVD 63.75 75.62 825 90.62 93.75 KKSVD 7875  78.78 8434 9125 94.62
SSDL-GA 41.87 5468 6041 69.27 78.23 SSDL-GA 58.33 62.8 745 84.06 88.75
MS-SSEDL  73.12 9125 93.12 96.25 98.12 MS-SSEDL.  86.87 88.125 93.12 975 98.12
10 T T T T 10 T T T T
. —
0.8f 08F o i
N
0.6 0.6F k
= =
= = —+— DKSVD
0.4 —+— DKSVD 1 0.4 1
—a— LC-KSVD %ggiSVD
FDDL —+ SVGDL
— KKSVD —— SSDL-GA
7 SSDL-GA MS-SSEDL
1 1 1 M$-SSEDL 0 0 1 1 1 1
000 10 20 30 40 50 ~o 10 20 30 40 50
EERu 2 CE AT bR R B
(a) 0 HpsLaaah i (b) 2 HpSZa 4 i1t

K 2 AR5 KIERE

Fig. 2 Classification performance of different methods
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Fig. 3 Reconstruction error
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