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Fault detection of small-sample wind turbine gearboxes based on RLMTS
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Abstract: To address issues such as overfitting and poor generalization caused by small-sample data in wind turbine
gearbox fault detection, this paper proposes a fault detection model based on the reinforcement learning
Mahalanobis-Taguchi system (RLMTS). First, features filtered by orthogonal array and signal-to-noise ratio analysis are
used to construct the initial Mahalanobis space. Then, reinforcement learning and predefined rules are used to explore and
optimize this space. Finally, an antlion optimizer is employed to improve the threshold determination of the traditional
Mahalanobis Taguchi system. Experimental results show that RLMTS is effective for fault detection in different
small-sample scenarios. Compared with 17 other methods, RLMTS has better diagnostic performance, greater robustness,
and broader applicability, making it particularly suitable for small-sample wind turbine gearbox fault detection. It is
conducive to improving the reliability, efficiency and safety of the gearbox operation, while also reducing maintenance
cost and ensuring stable and high efficiency wind power generation.
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Table 3 CAE network structure and parameters
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Fig. 10 FGMSE-WOA-MSVM parameter optimization process
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Table 4 Results of ablation experiments

Jiik KM ABE RRE OWEHE FI

G-mean

RLMTS 0.94 0.90 0.94 0.92 0.92 0.92
MTS1 0.97 0.68 0.98 0.82 0.77 0.80
MTS2 0.59 0.85 0.42 0.64 0.69 0.57
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Table 5 Diagnostic performance of RLMTS with different

small sample sizes

HRSE RTE AEE WRIE ME P

G-mean

Dataset A-1 1.00 0.50 1.00 0.75 0.67 0.71
Dataset A-2 1.00 1.00 1.00 1.00 1.00 1.00
Dataset A-3 1.00 1.00 1.00 1.00 1.00 1.00
Dataset A-4 1.00 1.00 1.00 1.00 1.00 1.00

H3 5 AJ%0: fF Dataset A-2. Dataset A-3 flI
Dataset A-4 /) RLMTS AT A fa b N 1.00, 7E
Dataset A-1 I, HTIIZHEARRE 16 1>, m&ELER
WESE FRA T 1 AN IERFEA, SRS RLMTS X
FAFEBEN MRS BA RIGH2kiiEge.
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WA 629.98. 91.58. 32.94. 821.52 fi1 610.53, H:xf
NEIFRAEZE 2> 50 614.95. 123.21. 44.83. 2150.95
F1950.09.

ffH ALO THHBIME, HSHREWT: HE
N=80, fAIEMALRXET =200, %2 EM LR
435104 133.80. 27.69. 93.72. 7.96 1 123.16, %
A RBR 508 1.45. 1.43. 1.32. 1.07 F11.26.
WRPESRAF I BRIMEL(5.48 4.77. 2.53. 3.37 Al 2.73)F1
THEARFHMEEA MD, S ERIREA BT 225
TR 25 R 5 Hoth 7 VR AT LA, BT RS AR,
RBME, EERE 6, BRI RERN
5 DL 2> B LI 14,

& 6 A[EFFIETE Dataset A EHIISITIERE

Table 6 Diagnostic performance of different methods

on Dataset A
; W AR ReR HER

Tk i = i = F1  G-mean

RLMTS 0.96 0.89 0.96 0.93 0.92 0.92

SVM 0.00 0.00 1.00 0.54  0.00 0.00

RF 0.88 0.77 0.90 0.84 0.81 0.83

LR 0.00 0.00 1.00 0.54  0.00 0.00

CNN 0.47 091 0.10 0.49 0.62 0.23

RNN 0.31 0.21 0.69 0.45 0.24 0.31

SMOTE-SVM 0.56 0.19 0.84 053  0.25 0.34
SMOTE-RF 0.93 0.80 0.95 087  0.84 0.86
SMOTE-LR 0.47 0.20 0.77 049  0.24 0.33

SMOTE-CNN 0.47 0.65 0.38 050  0.52 0.39

SMOTE-RNN 0.47 0.64 0.39 051  0.54 0.48
GAN-SVM 0.25 0.09 0.88 049  0.10 0.14

GAN-RF 091 0.81 0.94 087  0.85 0.87
GAN-LR 0.37 0.16 0.84 051  0.19 0.26
GAN-CNN 0.48 0.64 0.35 050  0.54 0.39
GAN-RNN 0.46 0.63 0.38 049  0.52 0.47
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Fig. 14 Partial plot of the threshold case in the iteration
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Table 7 Diagnostic performance of different methods
on Dataset B—Dataset E
. Fewh o ARl ReR dERD
D F1  G-mean
RLMTS 094 091 094 092 092 0.92
SVM 036 0.72 027 048 048 0.02
RF 0.77 079 0.75 0.77  0.77 0.76
LR 036 0.75 025 046 048 0.00
CNN 0.51 087 0.14 049 0.61 0.18
RNN 047 041 058 049 041 0.41
SMOTE-SVM 054 066 041 051 053 0.40
SMOTE-RF 078 086 0.74 080 0.81 0.79
SMOTE-LR 046  0.61 042 049 0.50 0.39
SMOTE-CNN 0.50 0.81 0.16 049 0.60 0.26
SMOTE-RNN 0.54 083 020 049 0.60 0.20
GAN-SVM 0.50 0.70 0.35 0.49  0.50 0.20
GAN-RF 0.77  0.81 0.73 077 0.78 0.76
GAN-LR 049 064 036 048 0.50 0.30
GAN-CNN 0.53 0.81 0.25 0.54  0.63 0.35
GAN-RNN 0.50 080 0.25 0.51  0.60 0.28
CAE 0.50 1.00 0.00 050 0.66 0.00
FGMSE-WOA

051 070 045 056 0.55 0.26
MSVM
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