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Acquiring Policy to Avoid Multiple Moving Objects
via Reinforcement Learning

«R. Tsutani and S. Arai (Chiba University)

Abstract— One of the difficult tasks in realizing autonomous driving system is determining an appropriate
action in the situations where a vehicle should avoid multiple obstacles simultaneously. In this study, we
develop a system that realizes avoiding or following behavior without colliding with moving obstacles such
as other vehicles and pedestrians. As an good example of these situation, we take a T-intersection where the
system should be paid attention to on the left, right, and in front of the vehicle. Specifically, we consider the
acquisition of avoiding or following behavior of by reinforcement learning considering the two objectives of
speed and safety. The proposed method makes a vehicle to adjust the priority of obstacles by introducing a

reward that considers the weighting of each objective.
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Table 1: state

State input
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car speed (Veqr)

car acceleration (acqr)

Relative position of car and bike(Zspike, Yspike)
Relative position of car and bicycle(zspicy, Ysbicy)
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Distance of car and bicycle (distpicy)

Relative velocity of car and bike (vgpike)
Relative velocity of car and bicycle (vspicy)
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Table 3: reward

setting value
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Rs driving opposite lane penalty
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Fig. 3: overtaking
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Table 4: result
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Wy W,y action result

0.0 1.0 following bike(vspie < 0)

0.4 0.6 following bike(keep following distance)
0.5 0.5 overtaking bike - avoidance bicycle
0.9 0.1 overtaking bike * avoidance bicycle

1.0 0.0 meandering after avoidance obstacles
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