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Improved convolutional Lenet-5 neural network for bearing fault diagnosis
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Abstract: Aiming at the problem that it is difficult to realize effective fault diagnosis for weak signals of rolling bearings in the complex
environment of strong noise and variable working conditions, a bearing fault diagnosis method based on improved convolutional Lenet-5
neural network is proposed. Firstly, the collected one-dimensional time-domain bearing vibration signals are preprocessed and converted
into two-dimensional grayscale images which are convenient for convolution operation. Secondly, the continuous one-way traditional
convolutional layers in the most basic Lenet-5 model are improved into Blockl module, Block2 module and Block3 module to exiract
more concrete and accurate feature information. Finally, L2 regularization and Dropout optimization are used to avoid overfitting. In
order to verify the robustness and generalization performance of the proposed method in complex working conditions, experimental
validation was carried out using the rolling bearing dataset and the gearbox experimental dataset. The experimental results of the bearing
dataset show that the average accuracy of the proposed method in the variable noise experiments is 99.3%. In the variable load
experiments, the average accuracy of fault diagnosis is higher than 90.26%. In the variable operating conditions experiments, the
average accuracy of fault diagnosis is higher than 89.01%. In the gearbox dataset experiments, the fault diagnosis accuracy of anti-noise
is up to 96.3%. The improved Lenet-5 method has the better ability of fault diagnosis for 12 fault types of rolling bearings, and has
better anti-interference and generalization performance under variable working conditions.
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Table 3 Specific parameters of experimental data

 __
PNCET Ui@gﬁ iﬁ;:ﬂ; S R A
Ahp 1149  390( Ahp) 448(Bhp) 448(Chp) 449(Dhp)
Bhp 1327  448(Bhp) 390(Ahp) 448(Chp) 449(Dhp)
Chp 1326  448(Chp) 390(Ahp) 448(Bhp) 449(Dhp)
Dhp 1 331 449(Dhp) 390( Ahp) 448(Bhp) 448( Chp)

SR 22 SR P AR e R 2 AR R B S R A T S O E
RIS WNE 6 Fr7R , B 322l s LA il | L
WG FCAR AT B VTS | IR A AL, SE 50 R
i R A B R O e AR AR A TR A, RS A
- 3N 20 Hz-0 V A 30 Hz-2 V BiFh T T84T,
AL B R GE sl F12F AR 3R 4 R Fn 1 e A
PRAE , SCHn 3k 10 AR . SR BAE R AE 8 A4 il 16 15 35k
Pt AH R FHIEGE 2 A5 0 UE AR SR AR e e . BE Ak,
IR AE 4 000 FEAS, BEAIRE H 400 MFEAS 423 ¢ 1
B AR 53 A DI A AR R R AR R4 7 P 45 11 25

AL 4

K6 ARRRFALRB A

Fig. 6 Diagram of experimental equipment at Southeast University

3.2 XBSHEEE
A SCRE AR A Lenet-5 145 W 2% BAR S BOK & 4N

4 F7R 2 4 A K/ 32x32% 1 R H i A — 415
SRR 32x32 [ " 4E K AT Gl AU E N 15 Block
B BRER AN TR RUBE /N R S8 2, BAR 280
5 Fi R/ 16x16x32 SRy th Rt 4 1616,
AR 32k 1 IS AL 2x2x 1 IR AL E 1R/
h2x2 RO 151 024 Fon ARz i 20T )
B, B Lt 12 RS A,
R4 B Lenet-5 ME EE S
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Table 7 Diagnostic results of dataset

of Southeast University
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