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ABSTRACT

The main purpose of tunnel ventilation system is to maintain CO pollutant and VI (visibility index) under an adequate
level to provide drivers with safe driving condition. Moreover, it is necessary to minimize power consumption used to
operate ventilation system. To achieve the objectives, the control algorithm used in this research is reinforcement learning
(RL) method. RL is a goal-directed leamning of a mapping from situations to actions. The goal of RL is to maximize a reward
which is an evaluative feedback from the environment. Constructing the reward of the tunnel ventilation system, two
objectives listed above are included. RL algorithm based on actor-critic architecture and natural gradient method is adopted to
the system. Also, the recursive least-squares (RLS) is employed to the learning process to improve the efficiency of the use of
data. The simulation results performed with real data collected from existing tunnel are provided in this paper. It is confirmed
that with the suggested controller, the pollutant level inside the tunne! was well maintained under allowable limit and the
performance of energy consumption was improved compared to conventional control scheme.

Key Words : Tunnel ventilation control (E]'d 2}7] ] o}), Reinforcement learning (RL, 723}3}<%), Actor-critic architecture,
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Fig. 1 3-D plot of the pollutant distribution for the last 50
time steps about ‘uncontrolled case’
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Fig. 2 3-D plot of the pollutant distribution for the last 50
time steps about ‘controlled case by RL-based

controller’ when reference CO level is 40ppm
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