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Feature extraction based on rough'kernd Fisher discriminant
analysis and itsapplication on aer cengine fault diagnosis

HU Jinhai , XIE Shou-sheng, WAN G Cheng, L1 _Ying-hong, YANG Fan
(The Engineering Institute , Air force Engineering University , Xi’ an, 710038, China)

Abstract 1 A new approach based.on rough kernel fisher discriminant analyss (RKFDA)
was proposed for aeroengine fault feature extraction, which combined rough set and kernel
Fisher discriminant analyss.-Firstly , rough set was used to exclude thefeaturesirrelevant to
the fault ; reduce the’dimenson of features, remove the effect of disturbance characteristics
and cut down the cost of computation. Secondly , kernel Fisher discriminant analyss was em-
ployed on the obtained subset of featuresto extract the nonlinear features. Finally, fault ex-
traction and recognition experimentsin aeroengine lubricating oil system were carried out to
test the performance of this method. The results show that the extracted features based on
the proposed method could improve the recognition for aeroenginefault , and reduce efficient-
ly the dimension of features with strong adaptability and robustness for various classfiers.

Key words: aeroengine; fault diagnosis; feature extraction; rough set; kernel Fisher
discriminant analys s
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Table 1  Attribute discretization of decision table ( section)
Cl 2 C3 A (63) 6 o74 C8 [e¢] Cl10 Cli Cl12 D
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Cl2 C8 Ccr/ C3 6 s Cl 2 A
J(K 509.5 465.2 437.8 280.1 50.3 27.6 17.9 11.0 3.7
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Table 3 Comparison of classification accuracy of feature samples by four type methods
| %
FDA KFDA RKFDA
2 83.3 90.1 91.5 97.6
SVM; 3 87.4 92.3 94.2 97.5
4 90.2 94.0 95.3 97.7
2 75.6 89.2 90.6 97.0
SVM2 3 84.3 91.7 92.5 97.2
4 87.3 92.9 94.1 97.1
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Table 4 Comparison of different features classification
accuracy by SVM and ANN

| %

85.7 90.2

FDA 4 90.6 94.0

KFDA
93.1 95.3

RKFDA
97.2 97.7

,RKFDA
. RKFDA

Fi sher

, Fi sher

1)

, ; Fisher

2) RKFDA , KFDA FDA

(3)
: RKFDA

[1]

[2]

[3]

[4]

[5]

[6]

[7]

(8]

[9]

[10]

[11]

,RKFDA

[D].
,2004.
GAO Xiume . Research on kernel projection analys's based
feature extraction and applications[ D]. Nanjing: Nanjing
Universty of Science and Technology ,2004. (in Chinese)
Guwo YF,ShuTT, YangL Y, et a. Feature extraction
method based on the generalized Fisher discriminant crite-
rion and face recognition[J]. Pattern Anayss & Applica
tion, 2001, 4(1) :61-66.
[J]. ,2005, 18(2) : 133-138.

L1 We Hua, SHI TieLing, YANG, Shuzi. Mechanica
fault clasdfication~usng nonlinear discriminant analyss
[J].Journd of\ Vibration Engineering, 2005, 18(2) :133-
138. (in Chinese)

) , . [M].

, 2004.
[M].

1998:-

, . .o [31.

,2003, 33(1) :82-87.
XTE Zhongshi ,L | Jun,L | Xiaotang ,et a. Research of re-
duced a gorithm based on rough set theory[J]. Journa of
Jilin Universtiy , 2003, 33(1) :82-87. (in Chinese)
[3]. ,2003,16(2) :166-

170.
XIAO Jianhua ,WU Jinpei ,FAN Keqng et a. Rough prin-
cipal component analysis and its application on feature ex-
traction for gears[J]. Journal of Vibration Engineering,
2003 ,16(2) :166-170.
Mika S, Ratsch G, Weston |, et a. Fisher discriminant a
nalyss with kernels[J]. In IEEE Neura Networks for
Sgna Processng Workshop , 1999 , 41-48.
[3]. ,2002, 17(1) : 42-45.
PAN Li, ZHANG ZuXun, ZHAN GJianging. Application
of rough setsinimagefeature selection[J]. Journa of Da-
ta Acquistion & Processng, 2002, 17 (1) : 42-45. (in
Chinese)
Bezdek J C, Pal N R. Some new index of cluster Validity
[J]. IEEE Trans. SMC, 1998, 28(3) :301-315.
Hsu C W, Lin CJ. A comparison of methods for multi-
class support vector machines[J]. IEEE Trans. Neura
Netw. 2002, 13(2) :415-425.



