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Aero-Engine Fault D iagnosis Based on Support Vector M achine
XU Qi=hua',—SH1Jun’
(1 ElectronicEngineering D-epartment,
Huaihai ‘Institute of Technology;L-ianyungang 222005;
2 A utomatic Control D epartment,
Northw estern Polytechnical U niversity, Xi'an 710072, China)

Abstract: The capabilities of SupportV ectorM achine (SYM ) applied to aero-engine fault
diagnosis (i e classification of multiple faults) w ere investigated The gaspath componentsof a
jet engine were selected to gather datasets for the evaluation of the classification capabilities
W ith the proposed approach, 24 sets of component single fault testing data from the datasets
w ere classified into 5 single faultsand 16 setsof multiple faults testing dataw ere classified into
8 faults The single faults are low pressure compresor (L P) fault, high pressure compressor
(HP) fault, low pressure turbine (L T) fault, high pressure turbine (HT) fault and no fault;
w hile the multiple faults areL P+ HP,HP+ HT ,HT+LT,LP+LT andLP+ HP+ LT+ HT
faults There isnomisclassification for all of the testing data using SYyM. W hen the datasets are
masked w ith noise as great as 12% in single faultsand 10% inmultiple faults, the effectiveness
and robustness of the fault diagnosis algorithm s are still satisfactory.
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