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Abstract: The increasing density of flight schedules and the complexity of flight routes have raised higher demands
for the accuracy of aircraft heading precision. Therefore, accurately predicting Heading Error Fault Events (HE-
FE) is of significant importance for flight safety and the optimization of maintenance strategies. However, the
mechanism of HEFE is complex, showing seasonal, nonlinear and irregular fluctuations. In light of this, this paper
proposes a method that combines Seasonal and Trend Decomposition using Loess (STL) with a Bi-directional
Multi-layer Long Short-Term Memory Network (BI-MLLSTM) for predicting HEFE. Firstly, the STL method
is employed to decompose the HEFE data into highly interpretable seasonal components, trend components, and
residuals. Secondly, a predictive model is constructed by leveraging the bidirectional learning and temporal process-
ing advantages of BI-MLLSTM. Finally, compared with other prediction models, the model in this paper has the
lowest MAE and RMSE, which are 0.3111 and 0.3588 respectively, which can effectively realize HEFE predic-
tion.
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