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ABSTRACT

In this paper, a self-driving system in a digital virtual road environment utilizing deep reinforcement
learning is proposed. Using ML-Unity, a digital virtual environment is created to simulate a multi-lane road
with various obstacles and traffic lights. Multiple sensors are deployed on the vehicle to observe the current
road and driving environment, facilitating the development of the autonomous driving system. Information about
obstacles, traffic lights, and surrounding vehicles is acquired through the digital virtual environment. This
information is then mapped to the state space of the deep reinforcement learning model to dynamically

determine actions, such as driving direction and speed, to maximize performance in terms of driving distance
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and time. The paper introduces a system design that combines priority experience replay-based Deep

Q-Network (DQN) with exploration strategies and a novel reward function to achieve fast learning and stable

driving. Through experiments in the digital virtual space, the proposed system is validated to successfully

perform lane-keeping, obstacle avoidance, and compliant driving with traffic signals compared to vanilla DQN.
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Table 1. Comparison of deep reinforcement learning-based autonomous driving methodologies with existing methods
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Table 2. Deep neural network hyperparameters
Hyperparameter Value

Learning rate 0.00002

Batch size 8

Discount factor 0.95

Number of actions 9

Epsilon-greedy decaying [0.1, 1] for 200000 step

[0.005, 0.04]

Soft target update rate warmup 0.005 for 150000 step

Prioritized experience Replay_e| le-8

Prioritized experience Replay_c| 0.6

Prioritized experience Replay_f3| 0.3

Prioritized experience Replay_f3

increment per sampling 0.000001
Weight initializer GELU
Optimizer Adam
Episode 5000
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