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Table 1 Experimental settings for the fault dataset
of high-speed trains
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HST-1 Nor, Air, Lat, Yaw  Spr, Ver 3 000(15%200) 3 200(16x200)

TS R 77 O N T DN

HST-2 Nor, Air, Lat, Spr Ver, Yaw 3 000(15x200) 3 200(16x200)
HST-3 Nor, Air, Lat, Ver  Spr, Yaw 3 000(15%200) 3 200(16x200)
HST-4 Nor, Lat, Spr, Yaw  Air, Ver 4 200(21x200) 2 000(10%200)
HST-5 Nor, Lat, Ver, Yaw  Air, Spr 4 200(21x200) 2 000(10%200)
HST-6 Nor, Lat, Spr, Ver Air, Yaw 4 200(21x200) 2 000(10%200)
HST-7 Nor, Air, Spr, Yaw Lat, Ver 3 800(19x200) 2 400(12x200)
HST-8 Nor, Air, Ver, Yaw Lat, Spr 3 800(19x200) 2 400(12x200)
HST-9 Nor, Air, Spr, Ver Lat, Yaw 3 800(19x200) 2 400(12x200)
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Fig. 2 Monitoring signals in the dataset
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Table 2 Fault classification performance on the fault dataset
of high-speed trains

‘ ‘ W%
S| Jiid:
S-way l-shot  5-way 5-shot
Matching Neworks 38.08+0.79 44.23+0.82
In
Prototypical Networks 29.84+0.82 37.93+0.77
ICI 49.11+1.71 56.19+1.56
Tran
PLCM 50.78+1.83 57.30+1.65
Soft k~-Means 43.30+1.55 53.29+1.55
Soft k-Means+Cluster 36.16+1.43 47.54+1.42
Masked Soft k~-Means 44.85+1.72 51.77+1.55
Semi ICI 49.48+1.82 55.18+1.56
PLCM 51.22+1.85 57.09+1.64
PRWN 45.38+1.62 54.52+1.53
PRWN-Hilter 44.29+1.58 52.96+1.51

2.2 FiEKEFEHRPEISHTRA L

Sy it — A B UE AR SO A Z AN R 3 5 T 13
P, Ak e E LT % K% (case western reserve
university, CWRU) A TR SRS AL 4 70 ik .
TGS H P A R bR B s D AT R A, R
W A AR E R R 2 —, A 2R g
PR AR S T LA . R B 45 T IR B 1)
BRI A AR 22 5, (R R AR
5518 A PR A AT R L B R PEAL B R 2 W vk
ALPERE R EAN T

AR B 36 15 E 4 AP AT 55 )4y 5 28 (CWRU-1 ~
CWRU-4), F DML 24 5 A A7 e 2800 22 5 1
B 2WIESE: UG SIS BRR A FRTE 4
FAIR], AT 55 BEH 200 A FEASVE R YIS I 58
3R TS R E, H “Nor” AEIE
HARA; “Drive End” 5 “Fan End” 439l 26 7 5K 2y it
5 X R (4 1325); “Inner Race” Fl “Outer
Race” 43 %Il X 17 P9 B 55 A0 Bl B (6285 14 28 )
“Ball” F/REMAERE (635). Bt 7R AFFEHE 4R
RS, ARSI A EAS S SRR RS R R Y
BRI RE ) BhasE AR B i — 2 R4

RAJRIR T 8 IEAE VR BARAE b 25 Rei
NP2, R, AR A Rl RS ) ) 4 Ak 43y =X
(CWRU-1 ~CWRU-4), 435l # 373247 200 K 5-way k-
shot(k=1/5) AT, FEIH5 AT 4 P9 19 7 3 E A
R IHLAECT RN AR B T R R g
RN, AR IEFEARRIBEE TR0 ke,
TCHEEL RS T, MERTHA MRS, &
O AN K E T, PLCM ATER
FRAEA T e ik e 25 0, E EHECIRE T,

PRASERAIL A 0L AT A 22 i T 2 Rk S B PE REIR
s fERNEBET, A2 LI5S BAG AT E
W, RAREREARMM SR B Z T, kDR
A2 B AT 55 1 A PR P A S B T 0 A5 E
Bk
3 PR B S A
Table 3 Experimental settings for the CWRU dataset

BARRISY VIR MRS IS WG
CWRU-1  Nor, Drive End Fan End (13153(())0) (é f;)(())O)
CWRU-2 Nor, Fan End Drive End (13153(())0) (é f;)(())O)
cwru3 N Inﬁiﬁ H4 Outer Race (123 5380) (13133(())0)
CWRU-4 Nor, Outer Race Inne]; ila e (13; g g(())o) ( 122 j 3(())0)

F4 DURERUREHR R R IS RE

Table 4 Fault classification performance on the CWRU dataset

\ HEBH %
FHY it
S-way l-shot  5-way S-shot
Matching Neworks 61.20+0.51 67.54+0.46
In
Prototypical Networks 63.38+0.66 75.62+0.53
ICI 87.01+1.38 91.89+0.80
Tran
PLCM 89.40+1.47 94.62+0.80
Soft ~~-Means 73.98+1.76 82.36+1.37
Soft ~~-Means+Cluster 75.48+1.60 83.40+1.23
Masked Soft k--Means 78.14+1.54 84.34+1.21
Semi ICI 87.09+1.45 91.91+0.80
PLCM 90.03+1.61 94.92+0.75
PRWN 77.51£1.67 86.41x1.11
PRWN-+filter 79.56+1.70 87.45+1.13

2.3 BEHH

Sk A T PEAS A SO 2 W 7 TR AEAS RN 2R 5544 T
3 IO M AR, AR [ B8 20 S S S BRIl
AT, A BRI RE R . AR IR 5L
2B . R REAR R | TR R ]
AN PRARWEAE N, BT =808 5 VG G R
AT AT L

TR 22 AR U BCT PLCM 5 ik i Pk g A8 Ak
KI3 RN FRIEI3 AT, 764 PR N IR B I 250 5L
F, PLCM PMERG R M2 s A58 . BREVN, B4
AHOE R B RIEE S, SR X HakE A
L SRR TR B, JCIE VA Sl AR B ) Z R R
gy, IS R A AR R S5 R 22 S B B R 4, il
LR ARGNE NI, UFER /NS, R
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A fault diagnosis method for high-speed trains based on semi-supervised
few-shot learning

WANG Hang, WU Yunpu, CHEN Jianhua, LEI Xia
(School of Electrical Engineering and Electronic Information, Xihua University, Chengdu, Sichuan 610039, China)

Abstract: High-speed trains are a critical component of rail transit systems, and their operational safety directly determines the sys-
tem reliability and safety. Safe and reliable equipment operation depends on vehicle fault diagnosis technology applied to monitor and di-
agnose the health status of key components. However, in practice, fault samples for high-speed train are limited in number and incom-
plete in type, which severely constrains the modeling capability and generalization performance of traditional supervised learning meth-
ods. To address these limitations, this paper proposes a fault diagnosis method based on semi-supervised few-shot learning. This method
introduces a pseudo-loss confidence mechanism (PLCM) to screen and exploit unlabeled samples, mining their latent information to en-
hance model learning. The method dynamically assesses the confidence level of samples based on the loss rate distribution of pseudo-la-
bels generated by the model for unlabeled samples, and then screens reliable samples to expand the training set, thereby improving the
generalization ability and fault recognition accuracy of the model under the condition of limited labeled data. Experimental results on
high-speed train fault datasets and publicly available rolling bearing fault datasets show that, even with limited sample size and scarce la-
beled information, the proposed method achieves excellent diagnostic performance and exhibits good generalization ability, providing a
practical technical solution for the state perception and intelligent operation and maintenance of trains under complex conditions.

Keywords: deep learning; fault diagnosis; few-shot learning; high-speed train; semi-supervised learning
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