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Abstract: Traditional fault diagnosis methods do not fully exploit the correlation characteristics
between the time series of fault signals. To address this problem, recurrence plot coding tech-
nique is introduced into fault diagnosis, and a rolling bearing fault diagnosis model using this
technique and residual network is proposed. Recurrence plots coding converts vibration signals in-
to 2D texture images with enhanced signal features. With these feature images imported, the re-
sidual network will exert its excellent capacity to extract adaptive features of 2D image data and
carry out fault diagnosis on rolling bearings. Tests are conducted using the Case Western Reserve
University bearing dataset and real locomotive bearing data collected from a bureau locomotive
depot for validation. In tests, the proposed model yields accuracy of 99. 99% and 99. 83% in
bearing fault detection and delivers good fault diagnosis results with different data lengths and

variable operating conditions input. To sum up, the proposed model has better generalization per-
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formance and detection accuracy than other common fault diagnosis methods.

Keywords: rolling bearing; fault diagnosis; time series; recurrence plots; residual networks
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Fig. 1 Time domain waveforms and feature visualizations

using the RP image encoding method
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Table 1 The structure of residual network-18
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ing technique and residual network

http: // zkxb. xjtu. edu. cn

e B RER R MG S HLES N
T A FEA 42 X () 45— 4 1 i B A5 5 2 4 J g
ST A R R R A Y 2 B RAR G B, T A
ResNet 2% (14 Rzt kAT 3 W AR AF £ B, 15 2]
AN T30 I 25 30) VR Bl il 7R AT 5 SR )5 R AT SoftMax
A3 AR ST T ARG N B 2 O 22 ) G OE R
T 58 J5 K e 12 B

K 4 i RP-ResNet BRI ZRifi f2 . 156 KR
AR 3 (0 il R JE R ik B A5 5l JE 3 & 1 O 2UH i A
AR AT RP G G A 7 =X i 46 1l 14 5 il 7K
R I 11— 2k 0 P G L 4 IR E 1 8211 &)
RN IR TR AE . Bl S L R I 2R 4R A
B UEAEXT ResNet 4% 47 U 25, 4R B AL 28, OF
PRAERE Y, B Je s B I 42 2504 A 20 U1 25 47 1
ResNet #5280 v E 47 i 12 W7, I 4R Bl A i s 4 2%
25 J TR HE R %

il 7 s B AR R A

B

v

SR 348 1 P G 3 AR A PSS 115 |

| Rl 73 Bidpi 4 |

A

EZ3 |%#%|

EE3

T SR T
e FAT B I
EA LA
oA R

>

R 7E W £ BRI 5

R A

y
il PR 5 W

SE RN %5

A 4

B4 255

Ao FE R

[ ememspnsn | — - -

Kl 4 RP-ResNet &8I 25 i #
Fig. 4 Flowchart of RP-ResNet model training

3 EAIWT TS R S5 R A

ARXT CWRU B 5l A4 B 9 48 A = L 55 Be iy
JL-501 #L 4% B SE il A& B0 48 04T T W02 W 40 #r




114 [ 7 .

NI 4

557 %

R HE 1T B 3K 1 2R 85 8 Windows10 64 {7 2 1F &
45,541 NAE R 16 GB, 7E PyCharm - &5 F i H] py-
torch HEZR , ffi {4 21745 5 AMD Ryzen 7 5800H,RTX
3070 Laptop GPU 4K, fff H 5% 25 W £%-18 4544,
gty BEnZ 1, AR E T .

(D Adam fRALEY W6 2] I E K
BRINE 0. 0015

(2) R 2 2] B L, o A R g 1)1 2k
10 AR, 2 2] R LI R 5L 0. 9, LUK A e — 2L A F2
FENE L I P2 TR A B M

Shy 3k G A SR P 45 AL L R AR BCEE K R 335 100
W O AR e AR g 25 2R
3.1 RO 1 HHT A6 AR SR SRS B

hp T A TR B RP-ResNet B M G, 76 )
R 6 ol P T CWRU A %l 7 g b B4 7

CWRU s s glilem & m s 5 pros, £
B AN 2X745.7 W B HL . — D g s . —
AT S F T . R 16 38 3E R A
ISR RS WA IRZNF 5 %R 12 kHz, &
JFH %t AR 5K By i (4 B0 A A7 6 Tl Rl R SR L ok
AENN T B T o 0. 28 mim, BB T AR 43 N
0.18.0. 36.0. 54 mm, 3t 9 FilpE KA,

K5 CWRU Hhzl il i &
Fig. 5 CWRU bearing failure test bench

(DA B BE T BRI M RE 3 . A SCHs —
A4z 2 A5 5 00 AR 5 B 09 5 2B AR TR B2 A 4k
i i Beo PR, 78 k56 AT A A E R TR BN R X
RP-ResNet f& A ) i 512 B 8028 19 52 . B A4 5L
i 7 Be W BE 225 LUF WA o 1 A7 38 B O s
BN R U AR 5 09 R SRR AR s @ S T 9 /b A5 7Y
B I 5 I T 07 I 40 R A T O A

ME ML AT N 2 X745, 7 W OIF, B AL 5% 5 R
1750 r/min, B AT 31550 10 Al 2 0 B A R 0 29 L
ANAES A, HIR S+ 1+ 1 M H B fr ke AR R
G RUNGRAE CR R AR 5 AR, 10 28R [l AR 28 1y ik
IRFEARM E IR 2 FrR (UEEAR K B & 400 4>

http: // zkxb. xjtu. edu. cn

(EREP =L DI
% 2 AAEhARRKBAAEAHE

Table 2 Rolling bearing sample structure

FEA T HEAKE MR Fr%

EH 450 265 Co

P B 0. 18 mm 450 265 C1

P Pl 0. 36 mm 450 265 C2

P Bl 0. 54 mm 450 265 C3

SP R 0. 18 mm 450 265 C4

Sh R R 0. 36 mm 450 265 C5
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ditions
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Table 3 Model accuracy of different classifier methods

T S A %/ 6
RP+MLP 84.53
RP+BP 88. 30
RP+RNN 88. 68
RP+NBM 92.00
RP+SVM 92.00
RP-LeNet5 97.36
RP+VGG16 98.53
RP+ ResNet 99.99
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Fig. 13 JL-501 locomotive bearing fault diagnosis test bench
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Fig. 15 Model diagnostic curves in case 2
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