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Q-learning with Feature-based Approximation for Traffic Light Control
LI Min-shuo"* YAO Ming-hai*
(College of Mathematics,Physics and Information Engineering,Zhejiang Normal University,Jinhua,Zhejiang 321004 ,China)!
(College of Information Engineering,Zhejiang University of Technology.Hangzhou 310000, China)?
Abstract Reinforcement learning(RL) learns the policy through interaction with the environment. RL algorithms are
online,incremental,and easy to implement. This paper proposed a Q-learning algorithm with function approximation for
adaptive traffic light control (TLC). The application of table-based Q-learning to traffic signal control requires full-state
representations and cannot be implemented.even in moderate-sized road networks, because the computational complexity
exponentially grows in the numbers of lanes and junctions. This paper tackled the dimension disaster problem by effec-

tively using feature-based state representations and used a broad characterization of the levels of congestion. The experi-

ment results show that the proposed method is effective and feasible.
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