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ABSTRACT

An accurate trajectory prediction is a key to the safe and efficient operations of aircraft.

One way to improve trajectory prediction accuracy is to develop a model for aircraft ground
speed prediction. This paper proposes a generative model for posterior aircraft ground speed
prediction. The proposed method fits the Gaussian Mixture Model(GMM) to historical data
of aircraft speed, and then the model is used to generates probabilistic speed profile of the

aircraft. The performances of the proposed method are demonstrated with real traffic data in

Incheon Flight Information Region(FIR).
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