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Abstract As a result of low accuracy and susceptibility to noise interference of traditional bearing fault diagnostic
algorithms, a diagnosis method combining empirical mode decomposition and convolutional neural network is
proposed. First, fiber Bragg grating (FBG) is used to obtain the vibration signal of the bearing, and then empirical
mode decomposition is used to decompose the signal into multiple intrinsic mode function (IMF) components. After
the extraction of useful signals, based on the structural characteristics of IMF components, the IMF components are
combined into a matrix and input into the improved convolutional neural network for fault classification and
recognition. The results show that the proposed method can effectively identify normal, faulty, and composite
faulty bearings. Furthermore, the recognition accuracy of the proposed method is greater than 91% .
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Ce) ZM eI Py B I 5 (D A1 Vel AR PR AR ISR 5 (i) 1A R TR AR il e

(d) roller fault;

(e) outer & inner fault;

() outer & roller fault;

(a) Normal;

(b) outer fault;

(g) inner & roller fault

(¢) inner fault;

P IR S DR B B B8 e HL R (B R 30 e R fE 2
JEL 3k o0 A U R S I O BEAT S FBG AR R
REFR G S ABL T FBG il 40 m e a™ .

HE—B o Hr Al R IE W AL R R 5 TR

H AR (AA/nm) AVALAE —0. 004~0. 004 AP Z, &N
7Ca) TR 5 1 A1 B R 45 5 U Bl KR i LA
—0.1~0.1 WIS, K 7Cb) i 7% P 18 i s 5 R
AR R 1415 5 10k 20 e /N T A1 BB, an il 7 (oo

1104004-6



th i

i ot

FE 7D 7R 5 MRS A iR v, P BRI (AR i s 1
5 U Bl R R K R L X (R A B T (—0. 2,0, 2)
T 7 () It 5 i Al P Ab A2 G R 45 5 0 Bl i
JEEWE /N T P R FHVR PR e s 1 475 5 18k 2l i B2, Gl 7 Ced
FE 7D PR, 7 FASE TGS G —©
() 22 52V AR O 2 S AR Sl a2 W A AR
3.4 EESNE

S v fi ok T By fE AR g R R R

P A K 2 0 I B Ak T R R ) X I B K
55 F 34510 2560 M55 B ARG 5 B i 8%
JRy AR /N 5 W RSO B R Ok B R B R 5120 A
FEAR S B ME 5. R )5 R A EMD A il £ 4 IMF 4
i, ANE 8 FT R, Lhoxt A B i B TR 2R AE S BEAT
EMD 43 51, 7] 1, N IMF6 FF 1R . 43 15 5 il 46
BTV H 5 A S A O M ] 2 AN T
i, A S B IMFL~ IMF6 3547 43 87« [ 15 5%
VAN 8 b5 1 1 4 20 IMF 4342

| @

A o Ao ‘*f"‘)ﬁ‘ e

200 250 300 350 400

£/(1024' s)

0 MWM-W-J——W

200 250 300 350 400

£/(10241 s)

04 r‘»ﬂh}' sl f%“’W‘"\Mf““M’“‘W

©

200 250 300 350 400

£/(1024' s)

@

I

200 250 300 350 400

£/(1024°' 5)

1(®

200 250 300 350 400

£ /(10241 5)

2000 Hz, Bl 1 min Z PR 1. 2X10° A SRAE A %L
02
R R e
T 02 ;
0 50 100 150
0.1-
&
=
~0.1
0 50 100 150
., 005
<
=
-0.055 50 100 150
_ 002 : .
=, et i) i o 81 1
00250 100 150
o 0.02
€
s 0
0925 100 150
0.01-
©
£ o
0055 100 150
5
E
RN
70 50 100 150

200 250 300 350 400
£/(1024' s)

| ®

(®

200 250 300 350 400

£/(1024' s)

Kl 8 ANEBEE T IMF 4 &

Fig. 8 IMF component in outer fault

LA AN P s kg 491 L 3l 3 (5) ~ (7) S F
() A1 P e = 300 0T M 48 bR B A0 3R 2 B, T
WERT 3 IMF & MBS

R BSFS R FHAR ) 5 35 5 1 45 21 A S At 3 s %) 25
EVEM IR RN 3 Frn RT3
™ IMF BN a3 E S

2 HMEIBEE T I IR AR B R

Table 2 Numerical table of evaluation indicators under outer fault

Indicator IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 Mean value
C pearson 0.0186 0. 8362 0. 8148 —0.0019 —0.0235 0.0028 0.2745
K 33.1020 1. 3698 1. 3160 4.3158 4. 1448 1. 8571 1.6594
Cindex 0.6157 1. 1454 1.0723 —0.0082 —0.0974 0.0052 0.4555
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Table 3 Numerical table of comprehensive evaluation indicator of each components under other faults
Fault type IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 Mean value

Inner fault 0.5224 1.0962 1. 1458 —0.0079 0.0529 —0.0036 0.4676
Roller fault 0.6391 1.2017 0.8473 —0.0198 0.0753 0.0045 0. 4580
Outer & inner fault 0.5736 1.0145 0.9434 0.0028 —0.0974 0.0056 0.4071
Outer &. roller fault 0.6419 1.1256 1. 0593 0.1064 —0.0632 0.0130 0. 4805
Inner & roller fault 0.7150 1.0127 0.8723 0.0974 —0.0152 0.0043 0.4478
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Table 4 Size of each layer of improved convolutional

neural network

Layer name Size
Input 4096 X3 X1
Convl 256 X3 X1
Pooll 128 X3 X1
Conv2 128 X3X1
Pool2 64 X3X1
Epoch 20

Batch size 64
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