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Ship Traffic Flow Prediction Algorithm Based on Attention Mechanism and ConvLSTM

LI Gang' ,SONG Wen* and CHEN Zhiyuan'
1 CHN ENERGY Huanghua Port Affairs Co. , LTD,Cangzhou,Hebei 061113, China

2 Insitute of Marine Science and Technology,Shandong University, Qingdao,Shandong 266237, China

Abstract  Ship traffic flow prediction is one of the key technologies of port intelligent transportation system,which plays a vital
role in the efficiency and safety of port transportation. Aiming at the problem that the existing prediction methods are difficult to
effectively extract the spatio-temporal feature information from the ship traffic flow data,a prediction method based on attention
mechanism and ConvLSTM(ACLN) is proposed. ACLN first constructs a encoding network through the deep ConvLLSTM to ef-
fectively extract the spatio-temporal feature information {rom the ship traffic flow data. Secondly,the attention mechanism is used
to pay attention to the importance of the extracted spatio-temporal feature information,so that the model can automatically pay
attention to the more important feature information in the process of prediction. Finally, the prediction network is constructed by
multiple layers of ConvLSTM and CNN to parse the extracted spatiotemporal feature information and output the prediction re-
sult. The effectiveness of the proposed method is verified on the real port ship traffic flow data. Experimental results show that
the prediction performance of the proposed method is significantly better than that of the state-of-art prediction methods.and it
can perform the long and short time prediction effectively in a certain area,and has a certain practical value.

Keywords Intelligent transportation, Intelligent port, Ship flow prediction, Spatio-temporal feature extraction,Convolutional neu-

ral network, Long short-term memory network.Convolutional long short-term memory network., Attention mechanism
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Fig. 4 Diagram of ship inflow/outflow in port
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Fig. 6 Results with different sliding time windows
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Table 4 Prediction results of different time windows

kN RMSE MAE
5 1.7856  1.4582
10 1.3169  0.9112
15 1.5369  1.1236
20 2.2985  1.2593
25 2.2647  1.4841
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Table 5 Performance comparison of different methods

bbb MAE RMSE NMAE  NRMSE
SVRI22) 2.13 2.74 0.50 0.51
LSTM23] 1.29 1.89 0.24 0.22
GRUL2] 1.43 2.27 0.27 0.26
BDLSTM-CNN!2] 1.34 2.04 0.25 0.24
ACLN-w/o Attention 0.94 1.54 0.18 0.18
ACLN 0.91 1.31 0.13 0.12
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