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Fig. 2 Structure of BN
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Table 1 Comparison of structure scores

SERRE T BDeuw/10* K2/10* BIC/10*
DU R Ty -3.2329 —3.2417 -3.2384
TSR v —3.0882 -3.099 3 -3.1018

e R A —-2.2358 22754 -2.7692

3 VRERIRELEHS T DU T 2 AR

Fig.3 Bayesian network model for fault diagnosis of

rolling bearings
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Fig. 5 Rolling bearing condition monitoring test bench
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Table 2 Different operating conditions

BT B3 /(r-min ') & FI/N AR /(N-m)
KO 1500 1000 0.7
K1 1500 1000 0.1
K2 900 1000 0.7
K3 1500 400 0.7

R3 HREXBSRKERE
Table 3 Fault types and status labels

B DA (B s] MRS %
Ci IR-EDM KI01 1
G IR-manual electric engraver KI05 2
G Normal K002 3
G OR-drilling KA07 4
G OR-EDM KAO1 5
& OR-manual electric engraver KAO05 6

YE: Normal 7 1 26§, 4L 1F Jy— RIMbEok b 5 3L A SRl
T4y 2 R

WU K3 3847 100 A5 S0 A7 R 12 W A5 A
P, WO UF vk nI AT S e BCH A 3 b T kAT X
FoSC 56 . K 3k K3 R WA LS 5 (CS1 S
CS2) 1E A J i B4l Ak B, % 252 BE B 2 000 AR KR
F—AHEAR, G R AR B IR B A B ) T A fe &
BB A 12274 AN ZhEEA S 3128 41 i Af
AR, FE FT AR AR A 5 v B S5 — B bR 25 3 DA IX 43
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Fig. 6 Time domain waveform of six types of

fault current signals
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Fig. 7 Feature extraction scatter plot
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Fig. 8 RadViz radar map
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FEAEARIOT 3% AB Z51F T, ] BN 23 Al e 24 51
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ARSCHR Y AE-BN S 2 I L 7 X R Bl A
TR 22 i R HE AT 12 I It HA R i A R, D B
[ e s A B2 S o SR R A ol o T g A
TR s BRSO, dnlsl 9 Firs o IR BHE I
P A i = 73 il R S B I e 2, il 2 7S L S i e
il 28, X A 2 B 7 7 450 D0 g 28K R 114 12 BT AS
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Table 4 Conditional probability of subnodes of

Bayesian network

RiD=S Y AL s UE SR
F 0 0 0.4807
F, 0 0,1 0.5111
F, 0 1,0 0.496 2
F, 0 1,1 05128
F3 0 0,0 0.306 8
F3 0 0,1 0.603 1
F; 0 1,0 0.5204
F3 0 1,1 03753
Fy 0 0.3050
Fs 0 0.403 3
Fs 0 0,1 0.4929
Fs 0 1,0 0.4872

x5 A MIATAEGBESERER 5 AAEE XL
Table 5 Comparison of classification accuracy of different

fault diagnosis models under four types of working conditions

BT VMD-KNN AE-KNN AE-BN

KO 0.7124 0.8733 0.9983

K1 0.6324 0.8914 0.9772

K2 0.723 1 0.8932 0.9955

K3 0.7377 0.8715 0.998 1
520 1 0 0 0 0 |99.8%

16.6% | 0% 0% 0% 0% 0% | 0.2%

0 519 0 0 0 0 100%
2 0% |16.6%| 0% 0% 0% 0% 0%

0 0 | 521 | 0 1 0 [99.8%
30 0% | 0% |167%| 0% | 0% | 0% | 0.2%
ﬁ 0 0 0 |52 0 0 |100%
T4 0% | 0% | 0% [167%| 0% | 0% | 0%
ko
0 0 1 0 | 521 | 0 |99.8%

51 0% 0% 0% 0% [16.7%| 0% | 0.2%

0 0 0 0 0 522 | 100%
6 0% 0% 0% 0% 0% [16.7% | 0%

100% [ 99.8% [ 99.8% | 100% | 99.8% | 100% | 99.9%
0% | 02% | 02% | 0% | 02% | 0% | 0.1%

1 2 3 4 5 6
BURIEEES

P9 ke SRIE R R

Fig. 9 Confusion matrix of bearing fault classification
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Fault diagnosis of generator rolling bearing based on AE-BN
WANG Jinhua">* ", GAO Yuan', CAO Jie"*, MA Jialin’

(1. College of Electrical & Information Engineering, Lanzhou University of Technology, Lanzhou 730050, China;
2. Key Laboratory of Gansu Advanced Control for Industrial Processes, Lanzhou University of Technology, Lanzhou 730050, China;
3. National Experimental Teaching Center of Electrical and Control Engineering, Lanzhou University of Technology, Lanzhou 730050, China;
4. Engineering Research Center of Manufacturing Information of Gansu Province, Lanzhou 730050, China;

5. College of Computer and Communication, Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: To solve the accuracy of fault identification of wind turbines under complex working conditions,
coupling, and uncertainty, an AE-BN fault diagnosis method based on a auto-encoder (AE) and Bayesian network
(BN) is proposed. AE is used to extract the characteristics of the current signal, and the characteristic component that
can highly characterize the signal is obtained; based on the causal relationship between fault and feature, a three-layer
BN composed of fault location, fault state, and fault feature is established; The wind turbine fault diagnostic model is
then established, the uncertainty problem in fault diagnosis is solved, and the precision of multi fault diagnosis is
enhanced by combining the characteristic component of AE with the topology of BN. Experimental results show that
the proposed method can analyze and diagnose fault characteristic signals and accurately identify different fault types,
which has obvious advantages over other algorithms.
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