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Development of Traffic Control System by use of Deep Q-Network
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Traffic congestions occurring in urban areas cause not only time losses for drivers but also economic losses. The
basic method to solve this problem is the traffic signal control. It is challenging to improve the traffic signal control
flexibility to adapt the real-time traffic change. Although some adaptive methods using genetic algorithm, multi-
agent system, and so on, have been proposed in previous studies, those methods require hand-crafted information
from traffic situation. In this study, we propose a traffic signal control technique using deep Q-network, which
can automatically extract features from raw images of traffic situation and effectively find optimal traffic light
control policies. We perform experiments with the traffic microsimulator SUMO and verify the effectiveness of the

proposed algorithm.
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