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Abstract : Various studies have been conducted to develop an autonomous driving system that guarantees the safety of the
passengers of an autonomous vehicle. Accurate path prediction is an essential part of improving the autonomous driving
system performance to avoid collision and ensure passengers’ safety by determining the risk of collision with nearby vehicles
and pedestrians by recognizing various situations. However, it is possible to continue driving with unnecessary and
inefficient behaviors due to the inconvenient ride caused by the malfunction of the judgment unit of the autonomous vehicle
due to incorrect path prediction and incorrect judgment on the autonomous driving strategy. This study proposes a technique
for predicting the path of a vehicle by integrating physical and learning-based models. A deep learning technique using short
and long-term memory, a learning-based model that utilizes time series information, predicts the state quantity of the future
vehicle based on the past state quantity of the vehicle and calculates the probability for the vehicle’s physical-based model by
performing time series classification on CV, CA, CTRV, and CTRA models. The calculated probability for the
physical-based model is used as a weight of the trajectory generated by each model later to predict a single path by
considering all four physical models.

Key words : Autonomous driving system(AF&53 A|AH]), Trajectory prediction(FZ=), Deep learning(HB2d),
LSTM(ZJH7| WX 2]), Sequence data(A| A& H]°]E]), Physics model(E2] Q)
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Fig. 1 RNN modeling for sequence data, (a) one to one, (b)
one to many, (¢) many to one, (d) many to many
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Table 2 Hyperparameters and learning environments
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