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Real-time and anti-noise fault diagnosis algorithm
based on 1-D convolutional neural network

LIU Xingchen, ZHOU Qicai, ZHAO Jiong, SHEN Hehong, XIONG Xiaolei

(School of Mechanical Engineering, Tongji University, Shanghai 201804, China)

Abstract; A novel one-dimensional (1-D) convolutional neural network ( CNN) was proposed based on the classic
model LeNet-5, aiming at problems of high computational complexity and low anti-noise ability toward rotating
machinery intelligent diagnosis: (1) It adopts global average pooling layer instead of fully connected layers in the
conventional CNNs, which reduces the computational complexity, model parameters and risk of overfitting, (2) Tt
is trained with randomly dropout raw signals for anti-noise purpose and (3) It uses modified 1-D convolutional and
pooling filters, which works directly on raw time-domain signals, fusing two stages of fault diagnosis into a single
learning body, feature learning by the alternating convolutional and pooling layers while classification by the global
average pooling layer. The bearing data and gearbox data are used in experimental verification and the classic
models of LeNet-5, BP neural network and SVM are used as comparison. The results show that the adoption of
global average pooling layers can reduce the model computation and improve the diagnostic accuracy under low
signal-to-noise (SNR) conditions, and the train strategy of randomly dropout input can significantly improve the
anti-noise ability of the model. As a result, the proposed model can realize accurate, fast and robust fault diagnosis
under noisy environment. At last, the t-SNE visualization analysis is used to validate the feature learning ability of
the proposed model.
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Fig.2 Flowchart of ACNNDM-1D construction
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8 99.30+0.04 99.00+0.21
7 99.15+0.07 98.28+0.23
6 99.18+0.03 96.94+0.53
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Training and testing time comparison of models with

fully connected and global average pooling layers
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RA2 R 66.74+2.37 0.147+0.016
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<94 . MmoR E L

51 %

3.2 HREMEIDETE

A FE AR B FR 2 W S2 B 0 0 G o Bl ik 4, S
SEAE AR B2 Wy S 06 R 15— B, DR AR S g ad e
HORUE I AT Bl ARy TE IR RS 51 i 2 %
PAERT A I i L 1AL IR AR SR A LRI R [
BEN20 480 Hzo MBhIG A0 5 FlRES  IEH (W
AR DA A A U R SRR AT AR TR B TR A
T R A S I TR R Y 5 R RRARAS N 5 2
Gb AR S BB B R I £ 3] 70 -5 il 7Rl B2 i

S AR [A].
3.2.1  BEIRE ARG IE

AR SR 2 W S 35— 1A [R] 5 ] 3
AR X R FH B AL PR d A BRI R FH i AN 25
(AR R AT G AOG) B, S B0 25 SR 3k 3 im. R
FHBRAHURE IR A SR I S AR R 7 {5 e <8 dB Y
TR AE b | A HC T R T v iy A DI 5 R A 25 340 4 48
KPS I HAEFERE -2 dB B2 T hRES
) 92.71% + 1.68% M NG B, 1 J5 & LA 59.55% +
10.44% , W] WL AE 05 Fe AR B a2 Wy S 00 v SR FH B BL
IR AV Z5R SR 1] DA S 25 B THASE 7R 7R W 7R A B
IS WA I R AR T

%3 BEBFBNIIGEE RS TREE

Tab.3  Diagnosis accuracy of dropout and non-dropout input
training models
ACNNDM-1D 2Wiks B/ %
Rey/ dB
ABIREA TR A
12 99.78+0.06 99.50+0.16
11 99.73+0.12 99.46+0.17
10 99.70+0.04 99.31+0.16
9 99.63+0.15 98.96+0.34
8 99.49+0.20 98.49+0.70
7 99.52+0.11 97.46+1.07
6 99.32+0.16 96.36+1.72
5 99.19+0.32 94.07+2.57
4 98.81+0.36 90.78+3.51
3 98.41+0.54 87.05+4.90
2 97.91+0.92 81.80+5.44
1 97.66+1.17 75.25+6.77
0 96.60+1.53 69.51+8.42
-1 95.53+1.74 63.28+9.55
-2 90.71+1.68 59.55+10.44
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Tab.4  Diagnosis accuracy of dropout and non-dropout input

training models

ACNNDM-1D 2 Wik /%

Ryy/ dB
FER TN TN ToH K% A
12 99.45+0.03 99.34+0.08
11 99.28+0.02 99.32+0.07
10 99.18+0.07 99.14+0.09
9 99.14+0.12 99.02+0.08
8 99.10+0.10 98.90+0.15
7 98.95+0.18 98.18+0.18
6 98.68+0.15 96.46+0.28
5 98.71+£0.13 94.40+0.31
4 98.69+0.25 91.10+£0.39
3 98.29+0.22 85.41+0.35
2 97.94+0.34 78.35+£0.43
1 96.66+0.26 71.09+0.62
0 95.62+0.38 62.11+0.79
-1 94.37+0.45 54.34+2.52
-2 91.33+0.56 44.97+3.68
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