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Robust tracking of multiple traffic targets based on roadside heterogeneous
radar fusion in occlusion environment

Lan Haoran,Li Xu,Zhu Jianxiao,Kong Dong

(College of Instrument Science and Engineering , Southeast University, Nanjing 210018, China)

Abstract : Multi-target tracking is the basis to ensure the safety and efficiency of autonomous driving, and the obtained data are widely
used in the upper applications of autonomous driving, such as motion planning and driving decision making. The traditional multi-target
tracking method often has the phenomenon of target loss and dislocation in the occlusion environment. To solve the problem, a robust
tracking method based on heterogeneous radar fusion and occlusion prediction model is proposed. Firstly, based on the local observation
consistency equation of lidar and millimeter-wave radar, a multi-sensor dynamic self-calibration algorithm based on multi-target motion
constraint and global maximum matching is proposed. Secondly, a hybrid supervised target position prediction method based on
heterogeneous radar fusion unscented Kalman filter and long and short time series neural network is proposed to solve the problem of
tracking interruption caused by missing observation data in complete occlusion environment. Experiments show that the proposed method
can effectively complete at least 81% of the broken multi-vehicle target tracks in the complete occlusion environment, which can achieve
more reliable multi-vehicle target tracking compared with the most advanced methods.
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Table 1 Lidar and radar parameter list
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Table 2 Comparison of calibration error results
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Table 3 Comparison of predication results with

advanced methods

S Jrik MAX STD RMSE
Method-1 13.10 4.29 5.63
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T X, XFHSEER 2R 3 41, 51 A T B8 bris il 21 1
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Table 4 Comparison of tracking results with
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1 SCHk[ 23] 78.9 21 69. 6 27. 4
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