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Abstract Using deep learning to predict the vessel trajectory is of great significance for the intelligent shipping. AIS (Automatic
Identification System) data contain a huge amount of information about vessel trajectory features. The prediction of ship trajecto-
ries based on AIS data becomes one of the research hotspots in the intelligent shipping realm. In this paper,an improved sequence-
to-sequence model using AIS data streams is proposed for the short-term vessel trajectory prediction. The proposed model utilizes
a GRU network to encode the historical spatio-temporal sequence into a context vector, which not only preserves the sequential
relationship among those trail points, but also is helpful for the alleviation of the gradient descent problem. Meanwhile.a GRU
network is used as a decoder to output target trail points sequence. In this paper.a large scale of real AIS data are used in the ex-
periments. The Chongqing section and the Wuhan section of the Yangzi River are selected as typical experimental areas, which is

for the evaluation of the validity and applicability of the model. Experimental results show that the proposed model improves the
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accuracy and efficiency of short-term ship trajectory prediction. The proposed model provides an effective solution for the intelli-

gent shipping warning in the future.
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