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Trajectory prediction model for intelligent connected vehicle

WANG Jian, JIA Chen-wel
(College of Computer Science and Technology, Jilin University, Changchun 130012, China)

Abstract: In contrast to traditional single—-vehicle intelligent autonomous driving systems, which can only
make predictions about the future based on their own perception of the environment, intelligent connected
autonomous driving systems have the capability to enhance predictions by incorporating additional dynamic
information about the surrounding road environment through V2X technology. Building upon the foundation
of single-vehicle intelligent trajectory prediction, a specialized encoder was employd to enable the
trajectory prediction model to seamlessly fuse its own perceptual information with dynamic road data
obtained via V2X communication. The experimental results on the CARILLA simulation dataset demonstrate
that using V2X technology to obtain dynamic information of the surrounding road environment can more
accurately predict vehicle trajectories compared to trajectory prediction algorithms that do not use dynamic
environment information.
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Fig. 7 Scenario of vehicle is controlled by road signals
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