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Abstract: Aiming at the problem that it is difficult to extract the fault features of railway locomotive bearings in
a real complex environment, which leads to the difficulty of fault diagnosis, an improved multiscale symbolic dy-
namic entropy (IMSDE) fault diagnosis method is proposed. Firstly, the MSDE is improved by utilizing neighbor-
hood slip averaging, which overcomes the defects of entropy deviation caused by traditional coarse —graining.
Then, IMSDE is used to fully extract the key fault features of vibration signals at different scales. Finally, the i-
dentification of different fault types and degrees of railway bearings is achieved by combining with an extreme
learning machine (ELM ). On this basis, three separate sets of tests were analyzed. The results show that the
method has an accurate fault identification effect for both artificially constructed bearing faults and bearing faults
generated by engineering reality, and the fault identification rate is higher compared with the other four methods,

which verifies that the method has a certain value of practical application in engineering.
Key words: locomotive bearing; fault diagnosis; feature extraction; multiscale symbolic dynamic entropy; ex-

treme learning machine
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Tab.1 Case Western Reserve University bearing dataset

S BN BR AL A R SRR Y

Fault type Fault size/mm  Training set Testing set Label

0.177 8 60 40 Al
Inner race 0.355 6 60 40 A2
0.533 4 60 40 A3
0.177 8 60 40 A4
Outer race 0.355 6 60 40 A5
0.533 4 60 40 A6
0.177 8 60 40 A7

Rolling
0.355 6 60 40 A8

element
0.533 4 60 40 A9
Normal / 60 40 Al10

TE DL 7 fift R 2 St ki s A b R0 5 10 AR
[Fi] it B RS HE | g bR 25 5 0 2580 43 100 41
FEAR 10 ARSI 1 000 P oE & FEAR, FEAfEA
AR B E N 1024 DFEAS p, BEFR R 7 1Y
R REARBEALI 60 A1 R I 25 B4 40 SE
SR AE . 10 FCRES T IR 8 B AR 600,
AR SFEA B B 400, 23 935 HAE 20 DMIRET
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Fig.5 Single test classification results
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Tab.2 Comparison of accuracy rates of different methods

Accuracy/%
Method
Max Min Mean
IMSDE 100 99.00 99.59
MSDE 75.75 70.50 73.78
IMPE 99.75 98.75 99.36
MMSE 59.50 57.00 58.75

A DUE AR SCHT 8 7 32 T 3R A5 10 57 R0 o
B d v, e KU HE R 5k 100% , $5c /N P50 HE
RN 99% , HiJa #F Z A 22 1%, FRUGER T T4
2 B A R U R
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Tab.3 Nanchang Railway Bureau bearing dataset

Fault type  Fault size/mm Training set Testing set Label
4 60 40 Bl
Inner race 7 60 40 B2
19 60 40 B3
7 60 40 B4
Outer race
19 60 40 BS
Rolling element 4 60 40 B6
Normal / 60 40 B7

6 JL-501 #&iXE &
Fig.6 JL-501 Bearing test bench

(a) Bl (b) B2 (c¢) B3

(d) B4 (e) B5 (f) B6

B 7 6 MilEMKBIEIEER
Fig.7 6 types of locomotive bearing faults
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Fig.8 Single test classification results
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Tab.4 Comparison of accuracy rates of different methods

Accuracy/%
Method
Max Min Mean
IMSDE 97.50 93.57 95.36
MSDE 73.57 62.14 73.09
IMPE 88.57 78.93 84.73
MMSE 83.09 77.14 79.44

A DLE W AR SO R 5 3k T AR A5 1 ST 341U
WK i w5, AH L T MSDE IMPE L) K MMSE 77 & Y
SRR TET 22.27%,10.63%,15.92% .,
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Wiy 20 kHz, 2503817 90 km/h, il 7 5 8
4 589 r/min , 3 [1] 2 /i K 146 kN,
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Fig.9 Qingdao sifang wheelset bearing test bench
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Tab.5 Qingdao Sifang wheelset bearing fault dataset

Vertical
loading set

Fault size/

Fault type (mmxmm ) Training set Testing set Label
Normal / 60 40 Cl
Rolling element 3x35 60 40 Cc2
Cage / 60 40 C3
Rolling element / 60 40 C4
Inner race 3x45 60 40 C5
Outer race 10x45 60 40 C6
Outer race
and rolling 10x45 60 40 C7
element
Outer race 10x30 60 40 C8

[ RE b, FF 8 iR A JA i B4 43 100 4L A
A%, 10 PRSI 800 MR MEAS, A ARRE
KEEBRE A 1024 DREAS i1 B Al e 28 AL (0 308
FEABALEL 60 A E R Il 2R, T 4311 40 A1 R i
A, 8 IR AT IR MR AR 480, i 4
SMFEARKCE 320, A3 BT AR 20 SRR IMS-
DE, 75 £ K /N3 51 A 480%20 Il 45 4 H5 AF 45 B4 1
320x20 F) I 4 R E B
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Fig.10 7 types of wheelset bearing faults
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Fig.11 Single test classification results
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Tab.6 Comparison of accuracy rates of different methods

Accuracy/%
Method
Max Min Mean
IMSDE 99.69 97.81 98.98
MSDE 57.81 51.25 54.22
IMPE 99.37 96.56 97.92
MMSE 95.93 89.68 92.76
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