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Trajectory Prediction Algorithm Based on Gaussian Mixture-Variational Autoencoder

ZHANG Xianyang ,ZHU Xiaoyu,LIN Haoshen,LIU Gang,AN Xibin
(School of Nuclear Engineering ,Rocket Force University of Engineering, Xi’.an"710025 , China)

[ Abstract] The trajectory prediction of warships requires high accuracy and real-time performance ,but the high complexity
of trajectory data features of warships causes the traditional prediction algorithms to be inaccurate and time-consuming,
reducing prediction performance. To address the problem, this paper proposes a warship trajectory prediction algorithm
based on Variational Autoencoder( VAE). The trajectory coordinate data set is transformed into a trajectory motion vector
set,and the trajectory motion features are extracted and generated by using variational autoencoder. Also, in order to
improve the prediction accuracy ,the hidden space distribution of the variational autoencoding network is set to be mixture
Gaussian distribution, which is closer to the features of real data distribution. Then the classification of trajectory features
is accomplished in hidden space to implement end-to-end"trajectory prediction. Simulation results show that compared
with the traditional trajectory prediction algorithms; GMMTP and VAETP, the proposed algorithm can reduce the
prediction error rate by 85.48% and 35.59% respectively.
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end-to-end learning
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Fig.1 Structure of variational autoencoder
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Fig.9 Change curves of loss function
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Fig.10 Prediction error comparison of three algorithms
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