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INTRODUCTION

Reinforcement Learning Enabled EV (Dis)Charging

The flexibility of microgrid energy dispatch can be improved by using EVs as Markov Decision Process Perspective:
storage devices that can consume intermittent renewable energy generation = The environment is the EV and power system, while the agent is the

surpluses and then re-inject this energy at a later time. We apply charging controller

reinforcement learning (RL) based methods to the distributed, EV-enabled = Every minute, the EV charger must update its charging set point; this

load balancing problem inherent to this strategy. \We observe the performance update is considered the action that the agent is taking

of EV charging/discharging controllers that use RL to decide its power flow = The state of the environment consists of the EV's SOC, time of day, time

set-point for every minute of its EV's scheduled charging/discharging session. remaining in charging session, and EV’'s most recent PV energy allocation
= Reward is characterized as the net amount of local energy that the agent

METHODOLOGY consumes as a consequence for the past minute's charging set point

decision.

= Microgrid load profiles were simulated with Fraunhofer's synPRO
simulation tool developed in Python

= synPRO generates simulation traces of power systems components with a
stochastic bottom-up approach, using real usage data and realistic models

= EV charging controller programmed in Python, runs concurrently with EV
battery simulator running in synPRO; REST API used to exchange state
information and set point commands

Reinforcement Learning Implementation:

= Used Expected SARSA reinforcement learning method, an off policy,
model free, temporal difference (TD) based method

= Leveraged value function approximation techniques to handle
multi-dimensional, continuous state-action space

= Enhanced performance with domain knowledge by designing an action
preference function to prohibit invalid actions in certain states
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