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Abstract: ‘A eroengine is a very complex nonlinear object T raditional methods for its
fault diagnosisw ere proved tme-consuming and low efficient A nev systan based on rough
sets and neural networks for the fault diagnosis of aeroengine gas path component faultsw as
presented in“this paper. At first, the rough set theory was used to detect qualitatively faults
and to isnlate the fault It consistsof three steps performing the discretion of sensed data, es
tablishing the decision table and generating rules A fter that, feed-forw ard neural networks
are added into the systen to construct several sub-systans,which take the engine sensible
data pretreated by rough sets as inputs and compute dam age degrees of the aeroengine fault
Finally, the noise rejection abilities of the engine fault diagnosis system were analyzed The
test results show that the systan can quantitatively diagnose the faults of aeroengine gas
path componentsprecisely and efficiently,w hile it is robust for noise rejection
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Table 3 A part of decision rules
1 ci= LAND c2= 1AND cs= OAND c7= 1 = Non-fault
2 ci= 1AND cs= 1 = Fan fault
3 c2= OAND cs= 1 = High compressor fault
4 c= OAND cs= 1 = Combustor fault
5 cs= OAND c7= OAND cs= 0 = HPturbine fault
6 = OAND c2= 1AND c¢7= 1 = L Pturbine fault
5km,M a= 0. 85) 2H=9km,M a
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Table 4 D iagnosisresultsfor 254 testing samples

A B
YEd1/% 0 0.026 8
YEA2/% 0.938 6 2.715 2
YEd3/% 0.163 7 1.563 3
YEd4/% 14517 2.476 1
YEd5/% 0.275 1 1.0732
YEA6/% 1.391 2 1.986 3
YEd/% 4 2455 9.840 9
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Fig 2 Final diagnosis system structure
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