H40% 557 (O I - SO Vol. 40 No. 7
201947 A Chinese Journal of Scientific Instrument Jul. 2019

DOI: 10. 19650/j.cnki.cjsi.J1905145

ETHSRITRESREFINEREEZHMAE

R,z &, TAE,THRK
(e e T R2APLH TAE2= B¢ Jbat 100029)

B E UGS AL RE A Z M S0 0, e LD E i 4R S AL S R A T R R B A R A T AT AT A 12
TR B, (ELHRL R £ 5 A A R A A AR B (RO RE O a1 B 28 G DB 5 TR EE B B 22 R 46 (DCNN) 25 5, $ i
— P T R S AT AU B S BRI W T 0k . S AZR AR BRASAR (S,,,) LA IR D RCR , 3 T 2ok W sh A8 e i
7 A [RLAR AR 5 18] AR 22 53 B R AL, AR DR AS TR B2 5 3 ok S M B R AR I NS AN AR ) B BRUZ 532 2 ek v b A
JZ K DONN RIS 5 1 I R 4B ERAAIE o R 3h 258 B Dl s O RRAE I 56 P {55 A DCNN, PURIER R . D36l 7 1%
AR A7 A e FA Sl 3 Filvlie e S o 2 R AT R 2 RS, e BT SRR W, T4 05 TR T A A U R Y SR SE
ANN [ CNN 25 HAh 772008 H HAT BRI L

R BRI BB R 2 s R T TR

HESES: TH-39 NEARIRES: A ERREFHSENRED: 460

Intelligent fault diagnosis method based on dynamic
statistical filtering and deep learning

Song Liuyang, Li Shi, Wang Pengxin, Wang Huaqing

(College of Mechanical and Electrical Engineering, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract : Electrical current signal possesses the characteristics of being easy to collect and not easily affected by environmental noise,
which provides a feasible monitoring and diagnosis idea for the special equipment that is difficult to collect signals with vibration sensor.
However, the electrical current signal also has the problems of being difficult to extract fault features. An intelligent fault diagnosis
method for mechanical equipment based on electrical current signal is proposed, which combines the improved dynamic statistical
filtering and deep convolution neural network ( DCNN). In order to improve the accuracy of state recognition, the integrated information
quantity index (S, ) is introduced to optimize the filtering effect, which can maximize the difference of the features among different state
signals based on dynamic statistical filtering. Through alternately stacking the convolution layer with invariant size of the feature map and
the pooling layer with decreased the size of the feature map layer by layer, the DCNN is constructed to extract the high dimension fault
features in the electrical current signal step by step. The feature-enhanced image samples after dynamic statistical filtering are input into
the DCNN to identify the fault type. In order to verify the effectiveness of the proposed method, take three kinds of faults inclnding
unbalance, misalignment and looseness of rotating machinery as objects, the fault type identification was carried out. The analysis results
show that the proposed method can effectively identify the fault type. Compared with other methods such as ANN and CNN, the proposed
method has better recognition accuracy.

Keywords : fault diagnosis; convolutional neural network; electrical current signal; deep learning
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Fig.2  Principle of statistics filtering.
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after feature extraction
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