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MOTIVATION FOR VARIABLE SPEED LIMIT CONTROL
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VSLC BASED ON REINFORCEMENT LEARNING

SIMULATION FRAMEWORK AND RESULTS

Q-learning with function approximation method for continuous state « |A technology used: Reinforcement learning (RL) based on
variables: Markov Decision Process (MDP). MDP in VSLC is
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Future work:

— Implemented Q-learning VSLC will be augmented to a multiagent
approach to assign speed limits to several consecutive sections on
the controlled urban motorway

— Deep neural networks will be used to cover the hidden feature
patterns from traffic data to enable more efficient state
generalization and faster learning
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