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Fig.1 BP network structure diagram
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Fig.2 Diagnostic system based on structure of BP network pattern recognition
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Table 1 Part of the sample after normalization
- [=])
P S Vm SV Vp-p SK KU VOF VIF VBF Fo F1 F2 F3
No. sample

1 0. 090 0.196 0.100 0.216 0.174 0.214 0.114 0. 829 0 0 0 0
2 0.150 0.094 0.122 0.156 0.096 0.039 0.396 0. 386 0 0 0 1
3 0.095 0.102 0.110 0.089 0.145 0.145 0.143 1. 000 0 0 0 0
4 0.099 0.122 0. 087 0. 146 0.132 0.039 0.039 0. 344 0 0 0 1
5 1. 000 0. 235 0.556 1. 000 1. 000 1. 000 0.874 0. 886 0 0 1 0
6 0.252 0.369 0.331 0.451 0.212 0. 150 0.144 0. 250 0 0 0 0
7 0.949 0.988 1. 000 0.456 0.557 0.975 0. 700 1. 000 0 0 1 0
8 0. 255 0.152 0.263 0.874 0.532 0.145 0. 144 0.191 0 0 0
9 0.168 0.588 0. 899 0. 457 0.325 0. 705 0.571 0.339 0 1 0 0
10 0.042 0.035 0.068 0.350 0.653 0. 000 0. 000 0. 000 0 0 0 0
11 0. 484 0. 986 0. 584 0. 262 0. 486 0. 487 0.443 0. 550 0 1 0 0
12 0. 057 0. 055 0. 684 0.955 0.421 0. 000 0.039 0. 000 0 0 0 0
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Fig.5 Wavelet network training error curve

L]

Ble fa¢ S Dot D leken Bk B

Petrmace s IS8 s 1

» ¥ » [) 0 n O
Ems

ey

6 Bt HY BP M %% i% 2 )l 4R # 2%

Fig.6 Training of BP neural network improved error curve
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x2 HELHER
Table 2 The fault diagnosis
A =]
P S Vm SV Vp-p SK KU VOF VIF VBF Fo F1 F2 F3
No. sample

1 0. 089 0.196 0.092 0.232 0.170 0.213 0.110 0.702 0.006  0.000 0.003 0.004
2 0. 149 0.093 0.120 0.150 0.094 0. 039 0. 390 0. 382 0. 001 0. 008 0. 007 0.932
3 0.094 0.101 0.109 0.148 0.144 0. 145 0.143 1. 000 0.005 0.003 0.100 0.001
4 0. 096 0.122 0. 086 0.136 0.147 0.039 0.039 0. 344 0.002 0.008 0.003 0.006
5 1. 000 0.235 0.566 0.788 0.998 1. 000 0. 874 0. 886 0.001  0.003 0.004 0.003
6 0.253 0. 369 0.331 0. 443 0.157 0. 150 0. 144 0. 250 0.002  0.004  0.007  0.006
7 0.949 0.988 0.765 0.566 0. 460 0.975 0. 700 1. 000 0.004  0.000 0.007  0.000
8 0.235 0. 145 0.264 0.867 0.457 0. 145 0. 144 0.191 0.009 0.007 0.001 0.003
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Rolling bearing faults diagnosis based
on the improved wavelet neural network

JIANG Tao YUAN Sheng-fa

College of Engineering s Huazhong Agricultural University sWuhan 430070,China

Abstract  This paper deals with the analysis of the bearing fault mechanism and the extraction
method of fault characteristic parameters. A wavelet analysis method was introduced and an improved
wavelet packet algorithm was put forward to reduce the frequency aliasing in wavelet analysis after a full
consideration of the nonlinear system and the uneven surface vibration signals of rolling bearings. The
improved wavelet analysis method largely avoided the frequency aliasing phenomenon and overcame the
problem of indistinguishable high and low frequency overlapping in the traditional wavelet packet algo-
rithm. The new analysis method can also separate the noise signal containing the fault signal by using
wavelet frequency band. A structural model of the improved wavelet neural network was built by the
combination of the advantages of wavelet and neural network. To solve the problem that the convergence
speed of traditional BP algorithm is slow and easy to fall into local minima, the algorithm of wavelet neu-
ral networks was studied so as to improve it from two aspects: the learning rate and the connection
weights. A simulation was then carried out and in the process, N205 type rolling bearing was tested on
the test bench and the test data were used in the training network. The results of the network training
were obtained by using the vibration signal as input vector for the network. Through the simulation ex-
ample,it can be found that the improved wavelet neural network can well classify faults,and its conver-
gence speed is obviously faster than of the wavelet neural network under the same condition and the im-
proved BP network, which proves that it can effectively diagnose the faults of rolling bearings.

Key words wavelet transform; neural network; rolling bearing; pattern identification; fault diag-

nosis
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