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Tab.1 Parameters of each layer of convolutional neural network based on attention mechanism

ES P NN B B R B iy i R
BRZE1 [batch, 4 096,1] 32 12 4 [batch,1 022, 32]
WAk)Z 1 [batch, 1 022,32] — 2 2 [batch,511,32]
HBRZE2 [batch,511,32] 64 7 1 [batch,505,64]
AL 2 [batch, 505, 64] — 2 2 [batch, 252, 64]
HRE3 [batch,252,64] 64 5 1 [batch, 248, 64]
Wik )Z 3 [batch, 248, 64] — 2 1 [batch,124,64]
BRZE4 [batch, 124 ,64] 128 3 1 [batch,122,128]
EHEEE [batch, 15 616] — — — [batch, 128]

Ty [batch, 128] — — — [batch, 9]
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Fig.4 Time domain signal samples diagram
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Tab.2 Comparison of different LFLB training results

LFLBE  UIgRienioR/ Y BibfEsi R/ Rk
1 97.75 93.57 0.247 8
2 99.95 99.49 0.039 7
3 99.46 96.53 0.156 7
4 98.65 92.14 0.482 1
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Fig.5 Accuracy of the NRCNN model with 2 LFLBs



%2

SRR, A BT 1D-CNIN I e 5% 458 8 7 DR 2 1 ) 313

3.2 HEGRMRIE

2 LB B S 100 AN ] A 45 M PR R SR AR AR S 1Y
SR 76 JEUAR BOHE A v A R 30T R AR e e
(signal noise ratio, & #K SNR) 1] LAPEH M 75 %3 5 5
SRS 7/ - |

(7)

o Psignal
SNRdb — 10 1g

LA 2 Pty P 73 30 0 455 TGRS (19 2 5%

6 9 - 48 IR — T 00T AT S 615 5 3 e
Bl mTLUE Y, 3 A5 5 0 e B3 O, 0] 1 P i
B A R A 2 R A AR LA

0. P L S h
0 25 50 75100 125150 175200
t/ ms

() FHeIFIRIRBN ' IR

(a) Time domain diagram of wheel original vibration signal
~ 1
@ T
Eg L T TR
T 0 25 50 75100 125150 175 200
t/ ms

(b) HEREIMRAES A

(b) Time domain diagram of wheel noise signal
K6 mmfs 2 x L Igl

Fig.6 Comparison diagram of noisy signal

28 33 A A ST A () (8 A TR Sk 0 I T P AT Y i
A LS. B e, 2 A A AR % I A P
(935 8 0] L4y A% 88 1D-CNN HI NRCNN; Hivk L 78
R B AR BOS R Z BT it = IH—1k . AN
[F) A R 1 A 1R N5 3BT o

#3 AEBBEWETRLE
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Tab.4 Accuracy of different health states

v/(kmeh™") m/g Bl e HER %/ %

0 0 93.61

30 20 1 95.34

40 2 100.00

0 3 98.12

45 20 4 98.56

40 5 100.00

0 6 99.97

60 20 7 100.00

40 8 100.00
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