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ABSTRACT

Energy consumption is steadily increasing, and buildings in particular account for more than 20% of the total energy consumption
around the world. As an effort to cost-effectively manage the energy consumption of buildings, many research groups have recently
focused on Smart Building Energy Management Systems (BEMS), which are deepening the research depth by applying artificial
intelligence(Al). In this paper, we propose a reinforcement learing-based energy control method for smart energy buildings
integrated with V2G station, which aims to reduce the total energy cost of the building. The results of performance evaluation based
on the energy consumption data measured in the real-world building shows that the proposed method can gradually reduce the total
energy costs of the building as the learning process progresses.
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Algorithm 1 Proposed Method Using Q-learning
1: Initialize all parameters
2: Initialize learning parameters v, 3 and €
% for each time step { do
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