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Robust cost-sensitive support matrix machine for wind turbine gearbox fault diagnosis
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Abstract: Support matrix machine is an advanced matrix learning model that can fully utilize the intrinsic structural information in matrix data.
However, it is susceptible to noise and outliers, and lacks generalization ability in imbalanced data. To this end, a robust cost-sensitive
support matrix machine (RCSSMM) model is proposed and applied to intelligent diagnosis of wind turbine gearbox faults. RCSSMM improves
the robustness to noise and outliers by evaluating the prior distribution of the matrix input with assembled matrix distance, and assigning
different sample weights to different samples. Additionally, RCSSMM introduces the cost-sensitive loss function that assigns different penalty
factors to different categories of matrix data. The optimal values of the penalty factors are adaptively determined with the Harris hawk
optimization algorithm to focus on minority class samples and improve the diagnostic performance on imbalanced data. The proposed method is
validated using simulated experimental data and real measured data of wind turbine gearboxes. The experimental results demonstrate that the

RCSSMM model exhibits more outstanding fault diagnosis performance even under the presence of noise, outliers, and imbalanced data.
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Tab.2 Fault diagnosis results of each model

BRSPS WO EE /% FREZE/ % SEI IR E) /s

SMM 95.15 0.71 0.16
NPLSSMM 96.29 0.67 1.57
IDSMM 97.63 0.92 0.81
RSSMM 97.40 1.03 6.38
MSCNN 98.01 1.02 187.64
MSAE 98.23 1.10 117.39
RCSSMM 99.10 0.61 2.53

T ¥R HHO 585325 i A7 &M, o5 R T WORE P4k
3 (ant colony optimization, ACO) , & K HUA 32 (firefly
algorithm, FA) . 0T FE8 2 (particle swarm optimization,
PSO) . fi f1 {f 1k % ¥ ( whale optimization algorithm,
WOA) Xf RCSSMM #5842 B it A7 At Ak, AL 1 25 2R 4
T3P~ ATLLEH, £id HHO Bk S8tk )5,
Jir §& RCSSMM 458 1 (14 [ 12 W G 2 B s , 12 BT 45 28t
B5IE T HHO 553 i A 20 o
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#3 ARALEIET RCSSMM BRI B #8512 Wi i
Tab.3 Fault diagnosis accuracy of RCSSMM model with

different optimization algorithms

(URAACR?S Y C. C. WIS WTRE /%

ACO 7.82 10.45 8.97 98.78

FA 1.47 15.76 10.16 98.85
PSO 1.08 11.25 18.63 97.16
WOA 3.47 20.86 19.21 98.45
HHO 5.95 13.18 12.79 99.10

R T RGBT B A (R W TS B R, 4 i AR R A
P& sh (5 5 P I {5 e 1L (signal-to-noise ratio, SNR) iy
—2~2 dB 1 /55 Hr 1 M

SNR =101g(P,/P,)

A, PR IR PONIE S IR,

AN 7] MR P R T % R TR ) i A2 TR 5 S &1 9
i, alLEH, f£-2~2 dB A R, ff # RCSSMM
BREAY )R 12 RS B2 43301 R 91.65%., 93.14%., 93.02% .
94.83% I 95.48%, TE 1 i Mg 75 2 I T AR HUAS T %
o YRR 2 RS B, HL o O Ll IRIE RS R R T
4.66%( MSCNN) . 3.48%( MSCNN) . 3.99%( MSAE) .
5.63%( MSAE) Fl1 4.01%( RSSMM) ., {H 15 VE & 1Y 2,
{L RCSSMM #5574 £ -2 dB W 75 T i i 12 Wik B 8 i
T 90%, X i W] T 48 7 AR SR MR S A B AR R
WAL 12 W RE

(20)

RCSSMM
100
95
SMM 100 MSAE
1080 90\, 95
9% 90
99
857/ /80 g0
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Fig. 9 Fault diagnosis results of each model under different

noise levels( Unit: %)
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Fig. 10 Fault diagnosis accuracy of each model under different

50

outlier ratios
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Vi e A IE R IR S AE S 2 80, MURDIR AR S D 8
o IFH, ARHE SCHK [24], 8 OB ) A - % k=1E
BB B REAR AR, X T RS i
A, MR A A B 2 o 400 A, Hirh B E 4
FEAEFOIR S AL 50 MFEAS . SR GM $8 b5 DAl &
R B2 W g 2R, B2 g R 5 s . v]
VL i, BT RCSSMM 58 8 78 R AN AN - i B P 45 1
HBARAT T E LA B2 W 45 2R . 15 25 T RCSSMM
B A It SR T B AR H SRR R R B, TR R T R R
3(150/50) . 5(150/30) . 10(150/15) . 15(150/10) i}, H:
G-mean {H 73 %] Fb SMM £ %155 3.43%. 3.62%. 4.75%.
4.98%,

#4 NTEBBENFRAFER

Tab. 4 Details of imbalanced datasets

AR TERAEAR DR BRREAN DA R

3 150/50 50%8
5 150/30 50%8
10 150/15 50%8
15 150/10 50%8
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538 %

#5 APEBHRET S LWRAE GM #815 (RfL: %)

Tab.5 GM index of each diagnosis model under imbalanced

datasets (Unit: %)

o AP k
3 5 10 15

SMM 94.68 94.33 92.59 88.65
NPLSSMM 96.57 93.39 92.84 85.36
IDSMM 95.76 93.40 92.52 88.52
RSSMM 96.96 95.59 93.92 89.27
MSCNN 96.33 95.37 93.28 88.31
MSAE 97.05 96.15 94.20 89.10
RCSSMM 98.11 97.95 97.34 93.63

4.2 FH12: K35 S5 H S H iR

421 HKIEMHRE

AR ZE A5 1 FH R A XL L A A R 5 A 2 A T S
W43 Mr . AN 11 TR, S KW e sl Ak as 17, K
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K HHLAL I SRR g 1B 4T o 2 AU U R AR 1AL Bl
B & 12 fros, 2ot B 32 50 5% 58 78 16 t/min 1)
TAESEH B, RUACRES M R S TT i R AR A8 1
PRBE 5o BURT, fy b % 0K 1814.4 t/min, 4 46N
30.24 Hz, R85 5 09 R FE M % 25600 Hz, B4+
A SRR 0.16 s, BIVEL 5 4096 4~ % 31 B9 A5
DR HEL 7 A6 I DR A B il R 3 R S T 40 i R S
500 1 200 A~ FEAS, P13 S 9 Ff XU 347 58 4 4 3R
AR/ R [RRE M, 220K AL RN SRR,
ANREAR 1) /1N B A3 ] e 44 3] 64%64.
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Fig. 11 Bearing chamber wear fault of the wind turbine gearbox
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Fig. 12 Transmission diagram of the wind turbine gearbox
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Fig. 13 Wavelet time-frequency diagrams of different health

states for the wind turbine gearbox
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#6 ARNRYIGHEARBT &BA RS KRB E (BAL: %)
Tab. 6 Fault diagnosis accuracy of each model under different

number of training samples (Unit: %)

WIZRFEA (5 H

10% 20% 40% 60% 70%

SMM 65.78 80.12 87.42 95.18 96.74
NPLSSMM 66.47 83.04 88.06 97.86 98.41
IDSMM 70.48 82.37 87.25 98.87 97.65
RSSMM 71.36 84.96 90.16 97.26 98.41
MSCNN 40.58 74.91 92.42 97.38 99.01
MSAE 42.13 78.42 91.96 98.35 98.35
RCSSMM 78.65 86.75 94.13 99.21 99.15

RE T, X AU U 8 A IE B RE AR R R AR B AN [
PO e AT 5258 o3 M o Nk 7 BT, AR rp A g gl
5 AV Rt A, A KO0 S b I R A R R
ABEPLIEH . 2% 12 Wik B 7 A P i K a4 T A9

WS R 15 B, g, ZEASEAT R A 3(300/100) .

4(:400/100) , 6(300/50) . 8(400/50) . 16( 400/25) i,
RCSSMM R[] GM 437124 98.60%., 97.71%. 97.34%.
95.62%. 92.36%, B i 5 T H AW R, 3X K B By $2 45
TN A BN SF- B s AT AR R A R . Bl AT
7 3B B, A5 R R 2 W R RE AR 2t B —
FEBE (9 R B, T RCSSMM 114 i [ P BE N [ i 3 A
/N, 3% G B S RCSSMM % FAG M SJs% #5225
B, A8 F A N b A BT R R T, AR
RUTE 2R A T /DB RE AR, B8 17 8E 30 X O - A 4K
a0y oy b e

®7 APEHREERTFHERER

Tab.7 Details of imbalanced datasets

AL IEEREARNUSEREARNE DAL
3 300/100 100x2
4 400/100 100x2
6 300/50 100x2
8 400/50 100x2
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Fig. 15 Fault diagnosis results under imbalanced datasets
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