2022411 A WHHENKFS%MARB¥R) Nov. 2022
385 % 6 1 Journal of Shenyang Jianzhu University ( Natural Science) Vol. 38, No.6
NEHS 2095 -1922(2022)06 - 1129 - 09 doi.10. 11717/j. issn;2095 — 1922.2022. 06. 21

HEFEREREFFIERINE CNN_SVM
IR 3h 30 & B A PR 12

(P BAR S A2 BUBR T BB, 115 LI 110168)

i E BE A ERAr S W &) e a K G ds SRS A AR AR
B Ay 2SR PR — AR T R4 R B4 /EFR IS CNN_SVM 6978 3 4 /K 69 # e 4
Wi AR A BARR S s R E R IB TR, Fik AA, A EHREBRRELBR LR
MR T8 K 1 = B K A4 2 M % (CNN) 3R 45 3 38 3 47 3 4% 42
RIX £ M % F m X Dropout & Batch Normalization & | 48 -F 3 @4t & Rk 7 2k W 44
B9 B, ik W BB ARG AL ) s G, A B R L BF G EAL(SVM) 3R B 4
Wik, R FRAN B A S HE S EA R T 99.4% , 1)k CNN_SVM,
PCA_SVM,1D_CNN 5B A 3 M4 i 2 B2, 3 &k by TR IE LA L4k,
it EFPTRBOER DA E S, LEARZRGF IRt

KR B4R BRI SCRFm AL IR shflK i i b
FE 43S TUL6 XEkFRER A

Rolling Bearing Fault Diagnosis Method Based on the
Compressed Sampling Feature
Extraction and CNN_SVM
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Abstract ; In order to reduce the redundancy of the fault data of rolling bearings,and to address the
problems of long training time, easy overfitting, low fault diagnosis accuracy and poor noise
immunity of traditional convolutional neural networks,a fault diagnosis model of rolling bearings
based on the compression,acquisition and feature extraction of signal transform domain and CNN_
SVM is proposed. First, the redundant information in the experimental samples is removed using
compression and acquisition technique ;then,a three-layer convolutional neural network (CNN) is
used to extract fault features from the acquired data,and dropout layer,batch normalization layer,
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and global average pooling layer are added to the network to prevent overfitting and enhance the

ability of the network to extract features; finally,a vector machine ( SVM ) which support multi-

classification is used to classify the extracted features. The results of the study show that the model
achieves 99. 4% of fault diagnosis accuracy , which is outstanding than CNN_SVM,PC_SVM, 1D_
CNN and other models for fault diagnosis. The model also has denoising function for experimental

data containing noise. The author’s proposed model has high diagnostic accuracy and strong

learning ability and noise reduction ability.

Key words ;: compression acquisition ; convolution neural network ; support vector machine ; rolling

bearing ; fault diagnosis
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