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Fig.1 Segmentation of flight maneuvers
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Flight-parameter-based Load Prediction of Helicopter Using LSTM Network and
Wavelet Transform

Xie Kecheng, Zhou Xuan, Dong Leiting
Beihang University, Beijing 100191, China

Abstract: Structural fatigue presents a significant threat to helicopter flight safety, necessitating the development of
innovative digital-twin-based individual helicopter life monitoring, which considers the difference in structural damage
and health condition of each helicopter, thereby enabling a rational schedule for inspection and maintenance.
Obtaining reliable helicopter load data is an important step in realizing a digital twin. In this paper, an approach for
helicopter flight load prediction based on a long short-term memory(LSTM) network is proposed, which considers the
nonlinear and unsteady relationship between flight and load data. The proposed approach employs helicopter flight
parameters as input to accurately forecast the flight load. Notably, to tackle scenarios where the sampling rate of the
load data exceeds that of the flight parameters in practical applications, the wavelet transform is incorporated to
achieve upsampling load prediction. Finally, the effectiveness of the proposed approach is verified using realistic test
flight data acquired from an actual helicopter. The proposed method serves as a crucial reference for obtaining
reliable load data for digital twins of helicopter structures. Furthermore, its applicability can be extended to encompass
a broader range of aeronautical structures in future.

Key Words: load prediction; digital twin; helicopter; LSTM network; wavelet transform
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