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Estimation of Driver’s Behavior based on Pedestrian’s Attributes when Passing by a Pedestrian
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When passing by a pedestrian, a driver predicts the pedestrian’s intention by observing his/her behavior and decides whether the vehicle can

safely pass by or not. Estimation of the driver’s decisions and behaviors would be helpful to assist safe driving. In this presentation, we propose a

method to estimate driver’s behavior when passing by a pedestrian based on his/her attributes. We consider that the process of a driver deciding

hisfher behaviors according to the pedestrian’s state and behavior is similar to a conversation. Therefore, the proposed method makes use of the

sequence to sequence model which is based on the recurrent neural networks and is usually used for a conversational model. We evaluate the

performance of the proposed method using actual driving data collected by experienced drivers in control of the vehicle.

KEY WORDS: Safety, Pedestrian detection/protection, Driving support/driver support, Driver’s behavior estimation (C1)
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Fig.2 Outline of the proposed model for estimation of driver’s behavior.
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Table.1  Estimation results of the driver’s behaviors.
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