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A Lightweight Multi-Modal Vehicle Trajectory Prediction Algorithm
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Abstract: Aiming at the limited storage and computing resources of the embedded computing
platform of self-driving vehicles, the uncertainty of future trajectory of the vehicle, and the
complex and changeable surrounding environment information, a lightweight multimodal vehicle
trajectory prediction algorithm (CAM-MobileNeXt) based on MobileNeXt is proposed. Firstly, a
vehicle trajectory prediction model with fewer parameters and computations is constructed based
on the MobileNeXt lightweight framework. Secondly, the trajectory prediction is adjusted from
unimodal to multimodal to predict multiple potential future trajectories that may exist for the
target vehicle. Finally, attention mechanism is introduced to enable the system to screen out
important information and efficiently allocate limited storage and computing resources. In
experiments conducted on the Lyft dataset for Level 5 autonomous vehicle trajectories, the results
show that the proposed algorithm exhibits lower parameter and computational requirements,

while outperforming the Lyft baseline method, ResNet50, in predictive performance. Compared

e km B3 . 2023-09-01, TEH R A ZFEOTIRA982—) Lo, fIfi M4 S, HEWH. BHRHARR L %I
H (62273078) ;3L T4 W43 3 5 41 R % B3 H (2021-BS-054) 5 b Je 2 e B AR Al 55 % 300 %% 4 %8 B35 B (N2204006) ,
W 2% BB | . 2024-01-23 P 2% HY R B IR : https: // link. enki. net/urlid/61. 1069. T. 20240123. 0913. 002



55 6 1 2 TR S — b e Lk 0 2 2 R A L T R v 15

with MobileNeXt, the proposed algorithm has an 11. 9% reduction in loss values on the Lyft

dataset. It also exhibits a decrease of 7.4 % in final displacement error and an 11.4 % reduction in

average displacement error. The proposed algorithm is suitable to be deployed on the embedded

computing platform of self-driving vehicles, and performs accurate multi-modal trajectory

prediction for the surrounding vehicles to ensure the safe driving of self-driving vehicles,

indicating good application prospects.
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Fig. 6 Comparison results of displacement errors, parameter quantities and computational complexity among different models
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