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Reinforcement Learning Strategy for Automatic Control

of Real-time Obstacle Avoidance
based on Vehicle Dynamics
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As the development of autonomous vehicles becomes realistic, many automobile manufacturers
and components producers aim to develop ‘completely autonomous driving’. ADAS (Advanced Driver
Assistance Systems) which has been applied in automobile recently, supports the driver in controlling
lane maintenance, speed and direction in a single lane based on limited road environment. Although
technologies of obstacles avoidance on the obstacle environment have been developed, they concentrates
on simple obstacle avoidances, not considering the control of the actual vehicle in the real situation
which makes drivers feel unsafe from the sudden change of the wheel and the speed of the vehicle. In
order to develop the ‘completely autonomous driving’ automobile which perceives the surrounding
environment by itself and operates, ability of the vehicle should be enhanced in a way human driver
does. In this sense, this paper intends to establish a strategy with which autonomous vehicles behave
human-friendly based on vehicle dynamics through the reinforcement learning that is based on
Q-learning, a type of machine learning. The obstacle avoidance reinforcement learning proceeded in 5
simulations. The reward rule has been set in the experiment so that the car can learn by itself with
recurring events, allowing the experiment to have the similar environment to the one when humans
drive. Driving Simulator has been used to verify results of the reinforcement learning. The ultimate
goal of this study is to enable autonomous vehicles avoid obstacles in a human-friendly way when
obstacles appear in their sight, using controlling methods that have previously been learned in various
conditions through the reinforcement learning.
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Fig. 1. The agent-environment interaction in reinforcement leaming
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Fig. 4. CarSim-Simulink linkage
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Table 1. Reward index for reward evaluation

Weights Reward Components
1
Wi 10 Ry ( Tu)
1
WRL 1 RRL ( D]?L )
_ 1
Wobs 20 Rops ( m)
Wvel 15 Ryl -T
1
Wrl 20 Reoll ( CA——é)R)
Wic 20 Ric (- 1g£ )

+ Dy : DistancetoLeftLane

- Dry: DistancetoRightLane

* Dops: DistancetoObstacle

* Res: RadiusofCriticalSection
- T: Obstacle Avoidance Time
- CA: Critical Angle

- Or: Roll Angle

- A: Acceleration of the tire
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Table 2. Specification of driving simulator

Hardware Specification

Vehicle model NF Sonata

Monitor 42"LED 3ch + 7"Touej Screen

Power 220V, 2KW

Size 2000(LYX2400(W)X1300(H)
3 o Weight 350kg
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