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Abstract:In order to overcome some inherent defectsofSupport Vector Machine (SVM) such as poor
sparsity heavy computation and kernel function satisfactory to the Mercer®s conditions in the engine oil
wear particle detection and the fautt diagnosis a new attempt by adopting a predictable method based on
RelevanceVector Machine (RVM) isproposed. On the basis of the introduction of principle and deduction
the spectrum analysis data of a certain aero engine lubricating oil are utilized to predict the relationships be-
tween the aero engine oil wear particle concentration and fault. Through analysis and verification the re-
sults show that the method based on RV M has more advantages in generalization over the SVMs and the
ANNs under the same conditions and the method can be widely used in the engine oil wear particle analy-
sis and the failure prediction.
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Tab.1 The mean square error of predicting
in different kernel functions(P )

RVM LSSVM

Linear 14.538 15.213

Polynomial 8.071 9.631

Gauss 6.992 7.035

Sigmoid 7.39 10.805
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Fig.2 Predicting results by different
kennel parameters of RV M
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Fig.3 Predicting results by different
kernel parameters of SV M

Kolmogorov
ri
m

\/wn + a a 1 10

4 BP-NN

12

19

BP

[12]

Fig.4 Predicting results by different numbers
of BP-NN hidden layer
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Fig.5 Compare predicting results by differentmethods
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Tab.2 Compare predicting results by three models

RVM LSSVM BP-NN
6 52

0.175 19 0.375 19 0.272 45

0,000 468 0,002 653 0,000 12

0,052 92 0,066 42 0,070 37

/% 0,629 7 0.7035 1.169F
/s a7 1.8 52
/s 05 1. 2,6
2 RV M
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RVM
RVM

RVM LISSVM BP-NN3

RV M

LISSVM BP-NN

[11

[1

RV M

References)

Yu song P Veeke H P M,Lodcwijks G. A simulation
based expert systemfor process diagnosis[C]// Pro-
ceedings ofthe eurosis 4th intemational industrial
simulation conference.Ghent EurosisETI 2006 :393-
3%8.
.D-S

[J1- 1999 31(2): 172
-177.
HUANG Ying TAO Yungang. Application ofD~S
evidential reasoning in multisensor data fusion [J].
Transactions of nanjing university of aeronautics ”~
astronautics 1999 31(2) :172-177. (inChinese)

) 2014

[1 - 1.

2000 10(1-2) :211-216.

QU Liangsheng ZHANG Haijun. Some basic prob-

lems of machinery fautt diagnosis[J]- China mechani-

cal engineering, 2000 ,10(1-2) :211-216. (inChinese)

[41 Vapnik V N. The nature of statistical leaming theory
[M]- New York Springer-Verlag 1999.

51 .SVM [

2012,13(2) :84-89.
WANG Xiaodan GAO Xiaofeng YAO Xu,et a. Re-
search and application of SVM ensemble [J]- Journal
of air force engineering university natural science edi-
tion, 2012 ,13("2) 84-89. (in Chinese)

[6] XuX M,Mao Y F XiongJN etal.Classification per-
formance comparison between RV M and SVM[C]//
Proceedings of the IEEE intermational workshop on
anti - counterfeiting security identification. Fujian
IEEE press 2007 208-211.

[7] Tipping M E. Sparse Bayesian leaming and the rele-
vance vector machine [J]. Machine leaming research
2001(1) 211-244.

[8] Widodo A.Fauh diagnosis of low speed bearing based
on relevance vector machine and support vector ma-
chine[J]. Expert systems with applications 2009 36
(3)7252-7261.

[9] Tipping M E. Sparse Bayesian leaming and the rele-
vance vectormaching[J]. Journal of machine leaming
research,2001,1(3) 211-244.

[10] .

[J]- 2011 16

(6)75-80.

ZHOU Xm QIN Xiaodong WU Ymg. Application of

sparse Bayesian model and relevance vector machine

1o signal classification[J].Joumal of cirauits and sys-

tems 2011, 16(6) 75-80. (iinChinese)

[11]

[D]. 2006:64-65.
WEN Zhenhua. Research and application of knowledge
acquirement methods for intelligent diagnosis expert
system[D] -Nanjing: Nanjing university of aeronautics
and astronautics, 2006 64-65. (inChinese)

[12] - [M]-

,1993.
ZHANG Liming. The model and application of neural
network [M]. Shanghai Fudan university 1993. (in
Chinese)



