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Abstract: In order to realize the real —time tracking of turboshaft engine dynamic response, an adaptive modeling method of

turboshaft engine based on dynamic inversion (DI) and neural network ( NN) is proposed. Based on the state variable model of
turboshaft engine considering health parameters and the measurable state variables of real engine, a health parameter estimation
method based on DI is developed, and the onboard model of turboshaft engine consisting of health parameters is established on the
basis of NN, two of which commonly constitutes the adaptive model of turboshaft engine. The analysis on the comparison and

simulation is conducted under typical flight tasks with the results showing that the adaptive model based on dynamic inversion can not

only obtain the consistent steady -state estimation accuracy of health parameters, but also reduce the total time consumption by
about 26% effectively with better real-time performance. And the steady-state error of the adaptive model is less than 0.5%, whose

higher dynamic accuracy is more beneficial to trace the dynamic response of turboshaft engine adaptively.
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