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Table 1  Isolation thresholds
: standard
engine working condition fean standar threshold
value error
Todiine =0. 85
normal 0.9007 0.01545
gy =0.1
abnormal opening of
. . 0.9007 0.02002  t,, =0.70
main oxidizer valve
abnor.mal opening of 0.7842 0.02421 {3 =0.70
main fuel valve
oxidizer pump cavitation 0.5383 0.01681  t,,4 =0.50
fuel pump cavitation 0.6189 0.01761 t,s =0.60
oxidizer filter jam 0.728 0.02249  t,=0.70

R2 YF20 EEHISHTER
Table 2 Diagnosis Results of YF-20 Engine

data - . detection
predicting engine class

isolation  fault

file time , s time,s  degree
out3 normal
abnormal opening of
outda3 . . 1.09 1.18 0.66
main oxidizer valve
abi al ing of
outdad apnorna’ opening o 1.09 117 0.65
main oxidizer valve
1 ing of
outfad abnormal opening o 1.06 .14 0.63
main fuel valve
abi al ing of
outfa$ Ao’ Opeming o 1.07 114 0.62
main fuel valve
outgal oxidizer pump cavitation 1.09 1.16 0.67
outga2 oxidizer pump cavitation 1.08 1.22 0.70
outhal fuel pump cavitation 1.09 1.24 0.62
outha2 fuel pump cavitation 1.26 1.36 0.68
outj4 oxidizer filter jam 1.07 1.27 0.66
outj8 oxidizer filter jam 1.07 1.23 0.62
outjl12 oxidizer filter jam 1.08 1.20 0.62
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ENGINE FAULT DIAGNOSIS BASED ON PROBABILITY
HYPERSPHERE SET NEURAL NETWORK™*

Fan Zhongze', Huang Minchao’
(1. School of Electric & Information Engineering ,Xi’ an Jiaotong University ,Xi’ an 710049, China)
g 8 g Y
(2. College of Aerospace and Material Engineering ,National Univ. of Defense Technology,Changsha 410073, China)

Abstract A probability hypersphere set neural network was proposed for engine Fault Detection and Diagnosis
(FDD). The neural network utilized probability sets as engine fault classes. Each probability set was an aggre-
gate of some hyperspheres. A hypersphere was described by a center and a radius. The probability hypersphere
set neural network can learn nonlinear failure boundaries in two passes through the training data,and provide the
ability to incorporate new and refine existing failure classes without retraining. The FDD simulation of YF-20 en-

gine systems demonstrates the strong qualities of the probability hypersphere set neural network.

Key words fault detection and diagnosis, probability set, neural network, hypersphere

Received 23 September 2008 , revised 26 November 2008.
# Sustentation Item of National Ministry and Commission(61328)



