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Fault recognition of rolling bearing based on improved

deep networks with data fusion in unbalanced data sets
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Abstract; Traditional intelligent diagnosis methods rely too much on the experience of signal processing and
fault diagnosis to extract fault features, and generalization ability of models is poor. Based on the theory of
deep learning, a convolutional neural network algorithm combined with the softmax classifier is proposed
to introduce weighting to the solution of data set imbalance problem. Model optimization techniques such as
weighted loss function, regularization, and batch normalization are applied to the construction of an
improved deep convolutional neural network model for rolling bearing fault diagnosis. The model learns
from the original measured bearing vibration signal by layer-by-layer learning to achieve feature extraction

and target classification. Experimental results show that the optimized deep learning model can achieve
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accurate recognition of early weak faults and different levels of faults, and its recognition accuracy on
unbalanced data sets can reach 95%. Furthermore the model has faster convergence speed and strong
generalization ability.

Keywords: deep learning; convolutional neural network; fault identification; vibration signal; rolling

bearing; feature extraction
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Fig. 1 Comparison of the diagnostic processes
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Fig. 2 The convolution process and pooling process of vibration signal
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T R AR S ok CWRU CE [ BIUIT P it K27 1 7R Bl il 7R A o 55 3 50 90 42 O 5040 2 il i il 7K
T F AN TR S A R A Y R AR R R B A R/ 0.18,0.36,0.54 mm 3 B, SEERAE 1.
2.3 hp(1 hp=746 W)3 Pt far .1 12 kHz Jinsk B A 85 WA IR sk B2 F 3 A T80T 19 55080 53 31 0
A B.C 3 MERAE . 5 IEAESEBR N, — 7 1T (] — b e 25 8 AT R I AE S (] A T 00 AN [ il Ao e
B A S A] BE A T kb S B ARCIR S S 53— T T R SR AR i AT RE IR T RS AR AR, J0 H 2 R A
TS ) A AR A T J e L R BB, AT 32 ok B i R A5 W e 28 AR A B I ROAS S A . Oy T 0 S B o S AR AL
3P TR AP EEE D, AL RAR RAFMAR 12 kHz, RS # 1 730~1 797 r/min, H/R e — B R4E 2
430 N EHE , BN RE AR A BE R R IE AT DAV B B e R S T SR R B 15 S i BOE A AR B DA 1 024 AN HUHE
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Table 1 Experimental data sets

e s B HARE A Hin%E B HiEg C L& D

HAE/mm o K TR 1 T 2 THR 3 TH1\2\3
1 1E# 7k N 0 1024 300 300 300 900
2 P B R LR TR 0.18 1024 300 300 300 900
3 N B R TF2 0.36 1024 300 300 300 900
4 P P S R R IF3 0.54 1024 300 300 300 300
5 RN RR MBI RF1 0.18 1024 300 300 300 900
6 WA EEHUR RF2 0.36 1024 300 300 300 900
7 RN R E IR RF3 0.54 1024 300 300 300 300
8 SRR OF1 0.18 1024 300 300 300 900
9 A1 BEBUR OF2 0.36 1024 300 300 300 900
10 SR E IS OF3 0.54 1024 300 300 300 300

Bt 3 000 3 000 3 000 7 200
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3.1 ERMEEMEIEIT

B BRI AR (B 4 7 19 4 ARt A4 AR - R k- AR -5 AR k- 42 3% H2-softmax )
R H)Z MG MALZE N 1 024 4E 19 J5lif B 05 5 3 BURRIE , 2 42 )2 0 HLE B & M B bR 28,
BEF B2 WL 1 B U B B RN MBI 20 6 36, 78 R T RE 58 48 b 4 U CRR AR A 1 T R i
HERICRISEL B HARSHOILE 2, K 4 b BN Z#t iR ifEL (batch normalization) , B AT LA &4 22 fi#
G YRR BT 2R/ HEKE BRI AR B (R I 255 E

x2 RESHR
Table 2 Model parameters

EEY= ZH 4 SR A B K P 4 )2 i
LN / / / 1X1 024
H-C1 ERZ 32@1 %32 1X1 32@1X1 024
k-2 bk DX 5k 1X2 1X2 32@1 X512
HH-C3 LR 64@1X 16 1X1 64@1X512
i Ak-P4 Tt Ak X 35 1X2 1X2 64@1X 256
HR-Ch EoE Ay 64@1x8 1X1 64@1 X256
W fk-P6 it Ak X i 1X2 1X2 64@1x128
BHR-C7 EoR AV 32@1X38 1X1 32@1x128
W Ak-P8 Ak X 5k 1Xx2 1X2 32@1X 64
HB-C9 &% 32@1%8 1Xx1 32@1 X 64
hAk-P10 it AL X 5 1X2 1X2 32@1X 32
RER-F1L HEHAL 1 024500 / 500
Softmax-F12 AR 500 10 / 10

3.2 LIGIIE

T python-tensorflow # @A, A B .C.D 4 MU Y4 B 6.4 Rl 43 I ZR e Al 4 . AR 24K
iR 2 S HhRIEESECGEE AW & BT .42 % 0.002 5, dropout A 0.70, 1F I 1 &
B R 1,25, W I 2R IR L epoch A 5 000, 5 B 28 o) 28 50 70 1) 5 — A E 8 3 25 0088 2 8L IR (mini_
batch) J2& 52 M 155 7Y Ur S5 2 43 28 YA 238 1) B 2 S 400, O T IR ORV/IN B 34 8 08 TG 38 18 e 8 AR A AR 8 1) B ol
AR TR TR 45 A6 AS B 8 5 U A Ak . PR, AR SC L) mini_bateh BUE 20,40,60,80,100,120,140,160,180,200,
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Fig. 3 Time-domain waveforms of bearing vibration signals in different states
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Fig. 4 Model structure diagram
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Fig. 5 Curve of accuracy of training set changing with mini_batch
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Fig. 6 Accuracy and loss function value curves during training
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Fig. 7 The accuracy of identification of each data set
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Table 3 Two-classification confusion matrix
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Table 4 Test Set-D model evaluation indexes

W R P)  FBRFMR)  Fi-score T R AR
N 0.99 1.00 1.00 360
IF1 0.96 0.97 0.97 360
IF2 0.94 0.96 0.95 360
IF3 0.91 0.92 0.91 120
RF1 0.95 0.94 0.95 360
RF2 0.94 0.96 0.95 360
RF3 0.95 0.90 0.92 120
OF1 0.97 0.97 0.97 360
OF2 0.95 0.96 0.96 360
OF3 0.96 0.92 0.94 120
)1 0.95 0.95 0.95

B 2 880
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Fig. 8 Testing set-D confusion matrix
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R . DL IR T A A A5 B A5 MR AR RO MER R 3% 5 R L T LR B e A B 48 A BLC B LR
T3 12 ¥ ] B A i ) MR R TR AN P07 O TR 5 AR D B S SCHR A0 i ik R G 35 FR e 28 0 2% A7 2 ] R Y
DL 2R 2 A P 2 AR 2 0 45 A6 70T 500 8 A U1 5 AR A A 8 0 A 2 g ot JFG R S o Al o
FHEAR . 32 B D D A G 1 4 AR 48 08 IR 80 45 5 366 L ) AN 5, DG 326 v A7 i e 23 26 . TRl A1 U0 AR
SO 50k 5 AL L JL AR B AR AT X EE

x5 AEFEXNNXHEE AB.C.D HIRAERHE

Table 5 Recognition accuracy by different methods

WK/ %
LW %
A B C D
EEMD+SVM 92.25 93.16 92.56 87.25
IR HE + SVM 94.76 93.55 95.05 86.39
/N +BP 93.65 92.14 94.85 84.27
CNN 97.51 97.76 96.93 95.00

4 #& 8

AR SCHE T IR BE 27 o 1) BHIE FE Al 42 18 TR Bl il AR S RIS W ) o AR 28 0 28 B D O 5 A BT D B Y
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