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Data sample capacity optimization for aero—engine flight

test trending monitoring model
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(Chinese Flight Test Establishment, Xi’an 710089, China)

Abstract: The euclidean distance of any two of sample has been constructed, which was maximized while

satisfying the model predicting accuracy requirements. The sample capacity has been optimized by genetic

algorithm to find the minimum data sample for aero—engine modeling. By arranging the flying action intent-

ly, during turbofan flight test, about 5 ~ 6 flights are needed to construct all-state trending monitoring mod-

el, and then the building period of model has been reduced drastically. The performance of monitoring mod-

el in out—of—sample is promoted by this technology which might offer some reference for aircraft engine

modelling and trending monitoring implementing in future.
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Fig.1 The topology structure of neural network based on
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aero—engine trending monitoring
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Table 1 The input and output information of aero—engine NARX model
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Table 2 The structure parameter settings of aero—engine neural

network model

ny ny, T
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i H i) 1100010001 1100000000 1110000101
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Table 3 The input code meaning of high—pressure

spool rotating speed
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Fig.2 The euclidean distance between any two points
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Fig.3 The optimizing procedure of minimal data sample

capacity based on evolving algorithm
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Fig.4 The optimized data sample distribution in flight envelope

of aero—engine trending monitoring model
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