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Abstract

Intelligent fault diagnosis of high-speed train bearings is a key technology to ensure the operational
safety of rail transit. With the rapid expansion of China’s “Eight Vertical and Eight Horizontal” high-
speed railway network, the operation density of trains continues to increase, bringing new chal-
lenges to bearing fault early warning. On the one hand, there exists a significant distribution dis-
crepancy between bench test data and real operational data; on the other hand, the scarcity of fault

SCES| S, OBIENE. FETAER A 2 RREh AR S RS W TR ). THENLRRE SRR, 2026, 16(6): 155-164.
DOI: 10.12677/csa.2026.166216


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2026.166216
https://doi.org/10.12677/csa.2026.166216
https://www.hanspub.org/

BRI, AR

samples results in insufficient generalization ability of traditional deep learning models. Against
this background, transfer learning provides an effective solution to address such problems. This
paper presents a cross-condition fault diagnosis method based on feature selection and machine
learning. To address severe class imbalance in the source domain, SMOTE oversampling is applied.
Three feature selection methods—Random Forest importance, RFE, and Autoencoder—are com-
pared, combined with Random Forest, SVM, and MLP classifiers. Results show that the RFE-20 fea-
ture subset with MLP achieves the highest source-domain accuracy of 95.16%. The optimal model
is validated on 16 unlabeled target-domain train bearing samples, with 93.8% prediction confi-
dence above 0.9, covering inner race, outer race, rolling element faults, and normal conditions.
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2.1.1. FHEESEENBiREEEER S
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Figure 1. Comparison of power spectral density of bearings under different states

B 1. AN EPRSH RIS EE X

Time Domain Waveform Compar ison

Normal Fault Inner Race Fault

1.00 1.00
0.75 4
0.50
b $ 0254
E‘ ..TE; 0.00
0. 25 4
0.50
0.75
0.00 0. ‘OZ 0. '04 0. I06 0. bB 0.10 0.00 0. IOZ 0. I04 0. '06 0. bB 0.10
Tine (5) Tine ()
Outer Race Fault Ball Fault
1.00 1.00
0.75 0.75
0.50
g 025 3
% 0.00 E
£ £
-0.25
-0.50
-0.75
-1.00 4 : . . ; . . . .
0.00 0.02 0.04 0.06 0.08 0.10 0.02 0.04 0.06 0.08 0.10
Time (s) Time (s)
Figure 2. Comparison of time-domain waveforms of bearings under different states
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Figure 3. Comparison of SNR between two denoising methods
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Figure 4. Comparison of RMSE between two denoising methods
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2.4.1. BEHLZ#K(Random Forest, RF)
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2.4.2. BYI4E{EEBE (Recursive Feature Elimination, RFE)
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Top 22 Feature Importance (RF)
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Figure 5. Feature importance ranking based on RF
5.RF fHEEEMHF
Table 1. Top 20 features selected based on Recursive Feature Elimination
= 1. BT BYIHHERRRE AT 20 MEHE
4 RHIE 4 AL
1 skewness 11 spectral_entropy
2 form_factor 12 env_BSF peak 2x
3 freq_center 13 stft tf std
4 freq_variance 14 stft_tf max
5 freq peak 15 stft_tf energy
6 spectral_centroid 16 cwt_tf mean
7 spectral_bandwidth 17 cwt_tf std
8 spectral_rolloff 18 cwt_tf max
9 spectral_skewness 19 cwt_tf energy
10 spectral_kurtosis 20 cwt_tf entropy

2.4.3. B482E(Auto Encoder, AE)
H gt a8t 172 A8 HRZERFIE, X SRRRE 2 JRAGHRFIE M “AER e

BN R R SRR AL

Gt A R 45 B YE . B TC IR “HRRAE 17 X LR A6 0 (A B AR I P dm, T RE4ERCR . JR4E
55 TR, ASCEE BB as N 42-128-64-12 4G #%(ReLU + BN + Dropout) 5 Xf FR 52, MSE $#i%%,
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Adam 134 0.001, JIZ5E 100 48, batch =32, 10%%iF54ER{E,
3. EEBITIN 5t

X 73 B P ARFAE TR IEAT I 45, DASCRE R EAL(SVM). FEALAR AR (Random Forest) LA & % /2 Ji&
HIHL(MLP)IX = Fh 2t fi AL 8% 2 SRR FE Rt . R0 TR 2R 82 SR EBA TIN5, IIgRoe i a, i ix L
PR SKF B A otot G (AN [R] Wi 2 28 P Al AR S0 AT TN 49 25 o PR PR PR ONTEERA R . FERR . A R F1 4340
3.1. EENEEE
3.1.1. X #HFEEHL(Support Vector Machine, SVM)EIFE4SE 532

IR R BN PR I S E 6 2 iR, 28 3 N SVM ARBULEAS RS AE e 8 05 5 R I e M Re g
FREHs . SVM 1E = MU AE 35 07 (B HLAR R (RF-22)« 397 BR1(REF-20) [ 4TS 3% (AE-12)) 4, BEHL
AR (RF-22) B e 1

Table 2. SVM classification model parameters

2. IFEENSLERSY

SRR SHE L e ELE S
¢ PRI o R A D TR [0.1, 1, 10] 10

gamma TR TE S B PR ARVABA A X 438000 S ) 5 M 2 [scale, 0.001, 0.01] scale
kernel YLE SVM Wl A BREHE 1 FE LR 1 0 &R [rbf, poly ] rbf

Table 3. Key performance indicators of SVM model
3. IFEENRER KRR AR

FRAEE HidT R RS FEEES F1 9%
ARFAE(42-dim) 0.8387 0.8522 0.8387 0.8413

B HLAR PR(RF-22) 0.8226 0.8364 0.8226 0.8227
3% )78 BRVE(REF-20) 0.7903 0.799%4 0.7903 0.7932
H g5 (AE-12) 0.7903 0.8027 0.7903 0.7927

3.1.2. EFZ BN (Multilayer Perceptron, MLP)#{BEF{E 433

Z JZEAWLMLP) 73 K 24R H =2 RZ 451, MEciEanlh 128, 64 Fil 32, & W05 R
N ReLU, #ith/ZA 4 AHI0H] Softmax 2, T PUMEE AR MR . BALIZEH Adam Ak
a5, VIR ) FR W E N 0.0008, [FES 5] L2 IENAL(REECH 0.01) LA ikt U4

% 4 NJE MLP I BUTEA [FIRRIE L3 7772 T I OCBE MR BEFR AR A . MLP 75 = PR IE I 35 77 2 (BEAL AR
MR(RF-22). 38 ITWBRIE(REF-20) H9wiSa8(AE-12))F, 8 7% BiL(REF-20) R £ T

3.1.3. ETHEHARMERPERHE S 2

BENLARARB AL (S En 22 5 s, % 6 & SVM BEAEIEA R T 7L N BB M e Fabn e it
BEALARPRAE = FHRRAEE R T L (BEHLARMR(RF-22) 6V BRVE(REF-20)  H i #H(AB-12)4, #IAHER
15 (REF-20) % R 5 bt o
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Table 4. Key performance indicators of MLP model
3 4. MLP 1BV S B RESEAT

FRAEE HERf R ot % H % F1 /34
ARFAIF (42-dim) 0.9355 0.9362 0.9355 0.9344
FENLARAR(RF-22) 0.9194 0.9182 0.9194 0.9183
1% 378 BRiE(REF-20) 0.9516 0.9546 0.9516 0.9516
45 2% (AE-12) 0.8871 0.8914 0.8871 0.8851

Table 5. Random Forest (RF) model parameters
7= 5. BRI BRMAREI B3

SRR SHUE VL
n_estimators 100 VR R
max_depth None WS FR) B IR P (AN B )
min_samples_split 2 PR SR 43 BT R 04 S NRE AR B
min_samples_leaf 1 9 SRR R AL
class_weight balanced FONBUE BB, 1& R A Y

Table 6. Key performance indicators of random forest model

= 6. BENLARMIRBLR) KR RESEAR

FRHE R L2 S FEEIp:S F1 74
AL (42-dim) 0.9194 0.9211 0.9194 0.9188
BEHLARFR(RF-20) 0.9032 0.9026 0.9032 0.9015
% A BRI%(REF-22) 0.9355 0.9413 0.9355 0.9348
EETEETNAR)) 0.8710 0.8743 0.8710 0.8672

ZREr =ik CER I RE T AR AR A R B FE B R RIE R FE 715 T I RER I, MLP A BY7E H gmtd 234
TELEFERY, HERIFR N 95.16% FafiFR N 95.46% I 95.16%  F1 108y 95.16%51 8 3% 5 T H ALK
HLARAMRAN IS T BRIA R R £ N IR L, U000 MLP #8445 &3 AV BRVERIE R B, 700 Rtkafite . T
WTsEe . DLRZEG-PPERE b, ORI T HELRIRCR, TaRei 2 BES T K.

T AEFRIRIAN B - £ BN T (Recursive Feature Elimination-Multi-Layer Perceptron, LA 2K
FIHLMLP)REAY),  H R 36 7 Bk AT R I 4
3.2. FHERENAYIERLATSE

N BRI VAR BRVEAERHE SR I b (O E A, et W Al S Bt EUAS F BR 4R 42 4ERFIE -5 33 A RRAE T
R J5 I 22 AERFAERT 43 SEPERE I REMT o SCEG R AR R MLP 732848, ZEURBCEHE EiEAT 3 938 XAk,

gE R 6 A, BRAAHRFIE P SAHERR RN 93.55%, K 1B VARHIETH BR(RFE) L f5 11 22 4ERFIER
SEIJUER A 95.16%, IX 1k BHTE PRI RRAE 45 R (1) [RI A SCBL 1 PEREAL, UERH RFE REA 8000 Bk TURHFAE,
FEHUEA SR MR RS B
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Ablation Study: Contribution of RFE Feature Selection
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Figure 6. Ablation study of RFE feature selection
6. RFE $HEEFAIHRR SN EE R
4. BFRENEISHESRS 5
T 16 D HFRBIR SN AR IR A, SRIZE RFE FRALEFAL 5 10 MLP B HEAT s 2, T3 45
RBRRIICTE . BRI H AR BTN B A5 B A 2L R 35 e BLAS E SR TR, BR Gt 45 R
R T RNE T SN A o AT R B R o

Table 7. Prediction results on target domain samples

7. BRREREEARTUNEER

FEAS ID A B C D E F G H
TOUIN i i 2 7Y B IR IR IR IR B OR OR
TR A5 0.9999 0.95113  0.99999  0.99939  0.99999  0.99994  0.99209  0.67415
FEAS ID I J K L M N 0 P
FHE A s S 7Y IR IR N OR B IR OR IR
T A5 0.99999  0.99999  0.94975  0.96484  0.99995 1 0.9994 0.98646
Prediction Confidence Distribution
1% (<0.5)
7(0.5-0.7)
12.5% B
#(0.7-0.9)
18.8%
WS (=0.9)

Figure 7. Prediction confidence distribution pie chart
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M5 L, REALAE E bRk b A A R e A AR . IR e MBS
FESE S W 0.9, #: 20.7 H<09, 1. >0.5 H<0.7, fik: <0.7, WP&RBEATRIG, FTLAHIHE F A
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