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Variable predictive model based RBF class discriminate method

PAN Hai-yang'*, YANG Yu', ZHENG Jin-de’, CHENG Jun-sheng'
(1. State key Laboratory of Advanced Design and Manufacture for Vehicle Body,
Hunan University, Changsha 410082, China;

2. School of Mechanical Engineering,
Anhui University of Technology, Ma'anshan Anhui 243032, China)

Abstract; Considering that the defect of four kinds of mathematical models can not re-
flect the complex relationship between the features in variable predictive model based class
discriminate method, a variable predictive model based radial basis function ( VPMRBF)
method was put forward. , Firstly, the abstracted features were input into VPMRBF classifi-
er, and then the training samples were used to establish radial basis function models, which
could reflect the complex relationship between features; finally, the established radial basis
function prediction models were used to predict the features of those test samples, and the
sum of squares prediction error could be employed as a basis for necessary classification. Ex-
perimental results of roller bearing fault diagnosis showed that the recognition rate of
VPMRBF increased by 4.75%, 1.75% and 5.25% respectively, compared with the radial
basis function neural network, the support vector machine and variable predictive model

based class discrimination method. By making full use of and effectively combining the ad-
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vantages of radial basis function and variable predictive model based class discrimination

method, this realized entire diagnosis from fault feature extraction to fault identification.
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radial basis function (RBF);

variable predictive model based class discriminate method;

sum of squares prediction error; rolling bearing; fault diagnosis
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Table 1 Extracted features of signal

95 X, X, X, X;
1 1.2074 1. 8396 0.7042 0.6779
2 1.1775 1. 6970 0.7904 0.7484
3 1.2066 1.7173 0.7886 0. 8043
4 1.1750 1.6658 0.7241 0.6303
0 1. 2428 1.7203 0.7670 0.6439
6 1.1795 1.7789 0. 8089 0.7360
7 1. 1493 1. 5380 0.7165 0.5410
8 1.1859 1.6852 0.7709 0.6714
9 1.1663 1. 6384 0. 8235 0.6191
10 1.1967 1.7895 0.9117 0.7532
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Fig. 1 Prediction results of five kinds of models
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Fig. 2 Flowchart of the proposed method
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Fig. 7 Recognition accuracy of VPMCD in various states of rolling bearing
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