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Ship trajectory prediction based on intention dynamic spatio—temporal
graph attention with multi-source data

TAN Xiaoyu

(School of Science, Hubei University of Technology, Wuhan 430068, China)

Abstract; With the increasing frequency of maritime trade, accurate ship trajectory prediction has become crucial for enhancing
shipping efficiency and ensuring safe maritime management. However, existing trajectory prediction methods often overlook the
movement information of neighboring vessels and the influence of environmental factors such as wind speed, wave height, and wind
direction on future ship trajectories. To address these limitations, this study adopts a multi—source data fusion approach that integrates
AIS data with environmental data, and proposes an improved Multi-Source data Intention Dynamic Spatio-Temporal Graph Attention
Network framework ( MS — IDSTGAT ). The framework incorporates a navigation intention recognition module to infer ship
maneuvering intentions and introduces a ship spatio—temporal dynamic graph construction module to model the dynamic interactions
among vessels. Experimental results demonstrate that the proposed method outperforms baseline models on both the fused multi—source
dataset and the single AIS dataset. Ablation studies further confirm the effectiveness of the proposed algorithm, highlighting the value
of multi-source data integration in achieving high—precision trajectory prediction in complex maritime environments.
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Fig. 1 MS-IDSTGAT network model architecture diagram
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Fig. 2 Spatio—temporal graph attention interaction network structure
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Table 1 The 30—minute error results of each prediction model

1B MAE RMSE ADE FDE
LST™M! ¢ 0.804 44 2.60075 1.44804 1.39028
BiGRU'® 0.43054 1.44194 0.69514 0.872 66
GCNI2 0.40220 1.47897 0.644 12 0.744 92
STGAT'® 0.55700 1.88309 0.88452 0.949 18
MS-IDSTGAT  0.236 66 0.480 77 0.406 45 0.379 00

K2 BWNER 60 min iRELR

Table 2 The 60—minute error results of each prediction model

il MAE RMSE ADE FDE
LST™M!'®) 0.67445 1.89473 1.08840 1.12721
BiGRU!® 0.87649 2.42709 1.38694 1.733 88
GCNI2 0.48973 2.100 11 0.787 45 0.845 68
STGAT'® 0.61712 2.03080 0.99279 1.158 16

MS-IDSTGAT ~ 0.360 87 0.591 74 0.580 38 0.613 92
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Table 3 30-min prediction error results of multi—source data and

AIS data model

il MAE RMSE ADE FDE

MS-IDSTGAT  0.236 66 0.480 77 0.406 45 0.379 00

HL— [DSTGAT  0.50230 0.98892 0.803 66 0.861 61

R4 ZHEHIRE ALS HiERE 60 min MNIRELER
Table 4 60-min prediction error results of multi—source data and
AIS data model

x| MAE RMSE ADE FDE

MS-IDSTGAT  0.360 87 0.591 74 0.580 38 0.613 92

0.523 49 0.855 18
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Fi— IDSTGAT 0.826 74  0.894 86

Table 5 30 — minute prediction error results of each model
eliminating the component
R MAE RMSE ADE FDE
MS-IDSTGAT  0.236 66 0.480 77 0.406 45 0.379 00
w/0 intent 0.45554 0.65483 0.72840 0.753 07
w/o graph 0.43124 0.73830 0.698 10 0.718 09
R 6 HBRAFTEKRE 60 min FNIRELR
Table 6 60 — minute prediction error results of each model
eliminating the component
By MAE RMSE ADE FDE
MS-IDSTGAT  0.360 87 0.591 74 0.58038 0.61392
w/o intent 0.41203 0.59263 0.657 11 0.713 50
w/0 graph 0.83847 1.57114 1.38929 1.45130

5 SRR LY, B B B BRI | BT i
fEHEPRIA BT T B, 7E 30 min T AP | 45 5] 2 MAE
1 FDE 12223600 T 24 929% F1 99% , ix WA 5| A&
U (830 T 2 6 B SEAR I AT A AN 42 3h

BRI AR 3, T Pl SR AL ol 8 =5 2y 1 T A
&, JEHAEZ MR EAE I 2 2 50, BRI
ARG T LA S LAY RE F1 , DA T RE B VA
M TR L R B S AT O 7 AR AR AL R AR
BRI R 23 0 T LR o A T A A
RE, R 251G MR B R T AR B R R R A B, X
W] PRI S5 44 REAS AT 8 R AT 28 ) I 2 R O 2%
A =2 T 7 5 AT ) A 2 1] P 5 A
FETE S b i TR R, o8 AR AU AE BT AT 46
RO T AR, UEW] T 25 AL 22 (6] A7 A P [ %
Iz, SRR ST T EEE

4 HRiIE

AR SCER X A A0 T3 Fh A7 A ) 22 RO R
AFE5; WA TR B F AR R A0 28 B G 2R A )
FEEF R, B 0 T — i Z2 U5 110 B 2 2 T 0 D9 46 9
T UM AE SR A AL A ALS B R S5, 7
i ) A1 25 ] _E X 5%, B DA A T 2 P ) R )y 24 TR
LIS ST-GAT MM AA sh A28 B A 0 FE i
FI A SR ATLA T 8 R 3 A B0 ) 58 T 56 R A 28
HALERE . MS-IDSTGAT 78 S8 i 4 |52yt 3
W, BT H 7 v e AT 45 X 4 A8 ARIEST 1T,
PEMSE 0 1% 07 A8 AIS B0¥5 Fl ERAS S48k
i BXF 4 FhPEAG R bR AP 24 48 X5 22 (MAE) (15707
%2 (RMSE) ¥4 1% 2% (ADE ) Ml & A0 F5
25 (FDE) 7P L3808 T304 7 ik, - E A7 IH
ARSI IER T T A R . ARk TARR G s ARl
FEAEH R T 0 U AE  , LSRR X I il 4 XL
B AT AT

[1] RAJABI A, SARYAZDI A K, BELFKIH A, et al. Towards smart
port: An application of AIS data[ C]// Proceedings of 2018 IEEE
20" International Conference on High Performance Computing and
Communications, IEEE 16" International Conference on Smart
City, IEEE 4™ International Conference on Data Science and
Systems. Piscataway, NJ. IEEE, 2018. 1414-1421.

[2] XIA Kerui, GAO Haibo, DING Liang, et al. Trajectory tracking
control of wheeled mobile manipulator based on fuzzy neural
network and extended Kalman filtering[ J]. Neural Computing and
Applications, 2018, 30 447-462.

[3] MATHEW W, RAPOSO R, MARTINS B. Predicting future
locations with hidden Markov models [ C ]//Proceedings of the
2012 ACM Conference on Ubiquitous Computing. New York:
ACM, 2012; 911-918.

[4] DALSNES B R, HEXEBERG S, FLATEN A L, et al. The
neighbor course distribution method with Gaussian mixture models

for AIS —based vessel trajectory prediction [ C ]//Proceedings of



196 2 ofe i ®

L5 8 A

16 %

2018 21" International Conference on Information Fusion.
Piscataway, NJ: IEEE, 2018 580—-587.

[5] ZHOU Haiting, CHEN Yaojie, ZHANG Sumin. Ship trajectory
prediction based on BP neural network[ J]. Artificial Intelligence,
2019, 1(1): 29-36.

[6] ZHANG Ting, SONG Wenjie, FU Mengyin, et al. Vehicle

motion prediction at intersections based on the turning intention and

prior trajectories model [ J]. IEEE/CAA Journal of Automatica

Sinica, 2021, 8(10): 1657-1666.

HU Xiong, ZHANG Boyi, TANG Gang. Research on ship motion

prediction algorithm based on dual-pass long short—term memory

neural network[ J]. IEEE Access, 2021, 9. 28429-28438.

[8] ZHANG Chenhan, YU J Q, LIU Yi. Spatial - temporal graph
attention networks: A deep learning approach for traffic forecasting
[J]. IEEE Access, 2019, 7. 166246—166256.

[9] LIU T, JIANG A, ZHOU J, et al. Graph SAGE—-based dynamic

spatial-temporal graph convolutional network for traffic prediction

[7

[

[J]. IEEE Transactions on Intelligent Transportation Systems,
2023, 24(10): 11210-11224.

[10] YE Xiao, LI Xingchen, YIN Jiangjin, et al. Adaptive multi—
source data fusion vessel trajectory prediction model for intelligent
maritime traffic [ J ]. Knowledge — Based Systems, 2023, 277
110799.

[11] YE Xiao, HU Yupeng, LIU Jichao, et al. An adaptive
multimodal data vessel trajectory prediction model based on a
satellite automatic identification system and environmental data
[J]. Marine Science and Engineering, 2024, 12(3) . 513.

[12] JIA Chengfeng, MA Jie, YANG Xin, et al. RAGAN. A
generative adversarial network for risk—aware trajectory prediction
in multi-ship encounter situations[ J]. Ocean Engineering, 2023,
289. 116188.

[ 13 ] WANG Shoumin, NIU Ning, WANG Zhichao, et al.
Heterogeneous multi — agent task planning method in complex
marine environment[ J]. IEEE Access, 2025, 13. 84202-84216.

[14 ] HAN Qilong, YANG Xiao, SONG Hongtao, et al. Whale
optimization algorithm for ship path optimization in large — scale
complex marine environment[ J]. IEEE Access, 2020, 8 57168—
57179.

(15T, e SR AT T AN 3 R E A& AT 5T [ D].
RiE: FEMRFFRE, 2023.

[16]GUO Y, ZHANG J, WANG P. Prediction for TCN - BiLSTM
ship trajectory based on attention mechanism [ J ].
Measurement & Control, 2024, 32(1) . 30-37.

[17]CHO Y, HAN J, KIM J. Efficient COLREG-compliant collision

avoidance in multi — ship encounter situations [ J ]. IEEE

Computer

Transactions on Intelligent Transportation Systems, 2022, 23(3) .
1899-1911.

[18] ZENG Xi, GAO Miao, ZHANG Anmin, et al. Trajectories
prediction in multi-ship encounters: Utilizing graph convolutional
neural networks with GRU and self — attention mechanism [ J |.
Computers and Electrical Engineering, 2024, 120: 109679.

(191 BRFHG, XIM¥, 54, &5 N Tl % 2 ARy 44
LAY K AR IE [ J]. M7 AL AR, 2024,18(11) ; 48-
57.

[20] b, ZErhak, REER, 45 R R R dl OR Ak i S5z B s A o o 5
LT]. PHEHLN A, 2023,43(2) ; 385-390.

[21] FF°, R0, A, 45 36T i I Jak a0 1] 5 I 245 (44 A A0 A i
BMLI]. LR SRR AR (A RPBIERR) ,2024,39(4)
41-48.

[22] ADLAND R, JIA H, LODE T, et al. The value of
meteorological data in marine risk assessment [ J]. Reliability
Engineering & System Safety, 2021, 209 107480.



