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Aero-engine on-board adaptive steady-state model base on NN-PSM
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Abstract: In.orderto establish a high-precision, high-real-time aero-engine on-board adap-
tive steady~state model suitable for large envelopes and multiple states, a on-board adaptive
steady:-state model based on neural network and propulsion system matrix fusion (NN-PSM) was
proposed. Adaptive steady - state modeling method was based on small deviation linearization
method to linearize the engine to extract the propulsion system matrix, which was used to charac-
terize output deviation. The engine baseline model was established based on the neural network,
and the relationship”between the flight conditions and the engine output was mapped, and the
neural network used the strong fitting ability to improve the steady-state accuracy of the on-board

model. The Kalman filter was designed in real time to improve the adaptive ability of the model.
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The simulation was carried out under large envelope and variable state flight conditions, and

compared with the traditional compact propulsion system model (CPSM) model. The results

showed that the average accuracy of the NN-PSM model was within 0. 66% , while the average

accuracy of the CPSM model was about 2.07%; the time was about one-tenth of the CPSM

model, and the amount of data storage was small.

Key words: on-board steady-state model; propulsion system matrix; neural network;

baseline-model; adaptive
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Fig.1 Diagram of on~board steady-state model structure
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FRRE/ %
i 71
St N; N. St She F T, I
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Fig.8 Verification of thrust tracking accuracy of engine component degradation estimation model under ground conditions
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