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Vehicle-Trajectory Prediction of Other Vehicles
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Abstract : We propose a new method to predict trajectories of other vehicles using the lane-change detection and the

artificial potential field method. Previous methods do not consider surrounding vehicles when it predicts a trajectory of the
target vehicle. The proposed method is able to predict a trajectory under crowded situation considering around vehicles by
using the artificial potential field method. To evaluate the proposed method, we used a real traffic data and confirmed that

the proposed method has the accurate performance.
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Fig. 1: Driving intentions in lane-changing process.
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Fig. 2: Distance from centerline.
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Fig. 3: Definition of adjacent vehicles.
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Fig. 4: Proposed potential field method considering driving intentions.
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Fig. 5: Predicted trajectory by proposed method.
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Fig. 6: Evaluation of proposed method.

Fig. 7: Evaluation situation in heavy traffic.
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Fig. 8: Results of trajectory prediction.
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Table 1: Error of predicted trajectory

AVG [m] SD [m] Min [m] Max [m]

0.98 0.11 0.34 2.67

Table 2: Error of predicted trajectory per section

Time [s] 01 12 23 34 45

Error [m] 145 099 083 081 1.16
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