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Abstract—The intermittent nature of Renewable Energy
Sources (RES) leads to a mismatch between electricity supply
and demand, thus, there is a need for energy storage and load
management. This paper presents a framework using Reinforcement Learning (RL) to control the operation of a battery storage
device in a microgrid. Here, the microgrid considered consists
of a photovoltaic (PV) system, inverters, residential consumer
and battery storage. The optimal operation of the battery is
formulated as a Markov decision process. A deterministic setting
is considered with the weather forecast for PV production and
electricity consumption known in advance. The agent learns an
optimal energy management policy by using its past experiences.
The developed solution was tested in a Belgian case with local
load and PV production profiles of residential consumers.
Index terms - microgrid, reinforcement learning, battery, PV,
storage.

I. I NTRODUCTION
The rising concerns about global warming and high penetration of RES have introduced new challenges in the design
and operation of power systems [1]. These challenges have led
to the smart grid paradigm which has triggered technological
advancement towards a green, intelligent and more efficient
power grid [2]. It is expected that the future power grid will be
a combination of multiple microgrids collaborating with each
other [3] [4]. Microgrids are electrical systems consisting of
loads, energy storage facilities and RES that can operate in
parallel with or disconnected from the main utility grid [5].
Over the years, microgrids have witnessed a great development
due to the drop in the cost of PV systems [4]. Due to the
increased share of the intermittent RES, microgrids require
energy storage facilities and smart load management in order
to balance demand and supply.
In the recent years, studies on energy management in
microgrids, agent-based methods and RL techniques for developing smart grid applications have gained popularity [6]
[7]. Q-learning, a popular RL method has been applied in
demand response to minimize the energy consumption of
an electric water heater [7] and in the control of energy
storage devices in a microgrid [8]. The method allows to
find a set of best actions at any state of operation of the
system considered. The evaluation of the actions taken in
the learning process is based on the rewards or penalties
received from the environment [9]. The authors of [8] [10]
present the application of Q-learning to model the interactions
between different components of a microgrid, with objective

to obtain an optimal scheduling plan for energy storage
devices. Kuznetsova et al. [10] consider a weighted amount of
electricity the battery can discharge/charge as the reward to get
an optimal battery scheduling plan for a microgrid. However,
it remains interesting to explore the depth of RL techniques in
a case where the amount of electricity bought or sold from/to
the grid is considered as the reward function.
Motivated by the works of [8] and [10], this paper is formulated to build on the existing literature on RL and promote
the use of Q-learning in energy management in microgrids. As
such, an intelligent decision-maker (agent) using Q-learning
to minimize the amount of electricity bought/sold from/to the
grid is designed in this framework. The agent develops an
optimal battery scheduling strategy which controls the charging and discharging actions of the battery in a continuously
changing environment (electricity production and demand).
II. PROBLEM FORMULATION
This study considers a microgid with residential consumer,
PV system, inverters and battery storage facility. The microgrid is connected to the main utility grid through a transformer.
The consumer can buy electricity from the grid in case the
PV production and energy from the battery are not sufficient.
It is assumed that the battery should not be charged using
electricity from the main grid.
A value iteration algorithm [9] is considered in the determination of an optimal charging (ac ) and discharging (ad )
action sequence for the battery. The case study does not take
into account the technical constraints of the main utility grid
and the microgrid. The operational planning of the microgrid
is the main focus.
The operational planning of the microgrid is formulated
as a sequential decision-making problem using the Markov
decision process with state space S, action space A, dynamics
and cost/reward function ρ. Inspired by [5] and following the
notation of its authors, S, A, the dynamics and ρ are described
below. The system evolution is described as a discrete-time
process with a time step of 15 minutes over a finite time
horizon.
A. State space (S)
Let s ∈ S denote a time-dependent vector characterizing the
microgrid’s state. The state space consists of four components:

s = (sq , sd , ss , E P V , E bat , E l ) ∈ S
B. Action space (A)
The action space consists of charging ac and discharging
ad actions of the battery, A = {ac , ad }. The actions are
discretized in amounts of energy in [kWh]. The actions are
constrained by (1) ensuring the battery is not charged and
discharged at the same time.
ac ad = 0

(1)

C. Dynamics
The dynamics of the battery at every time step are presented
bat
and efficiency
in (2) constrained by the battery capacity Emax
η.
ad
bat
(2)
Et+1
= Etbat + ηac −
η
bat
0 ≤ Etbat ≤ Emax

(3)

D. Cost/reward function
At time step t ∈ (S t ), let Etgrid represent the electricity
that can be bought or sold from or to the grid, c and p the
price of buying and selling electricity to the grid respectively.
It is considered that c > p to encourage self consumption. If
at time step t ∈ (S t ) the energy from the PV and battery is
insufficient to meet the load, an equivalent amount is bought
from the grid as given in (4).
Etgrid = Etl − EtP V − Etbat

(4)

The cost/reward function ρ at time step t is given by (5).
ρ(st , at , st+1 ) = max(0, Etgrid )c + min(0, Etgrid )p

(5)

An optimization problem with objective to minimize the
amount of energy bought or sold from/to the grid as defined
in (6).
X
minimize
ρ(st , at , st+1 )
a∈A,s∈S
(6)
subject to (3), (1), (2), ∀t ∈ (S t )
III. E XPECTED RESULTS
The microgrid in this study consists of a battery of capacity
40kW h with η = 90%, 5 residential consumers with a
combined peak load of 8.47kW and 5 PV installations with a
combined peak production of 7.79kW . The expected optimal
policy of the agent is as shown in Figure 1. The storage device
builds up its reserve during peak production (during the day)
in order to meet the load (during less sunny periods and peak
demand). Waste of excess energy or curtailment (when battery
is fully charged and demand is low) is avoided by selling the
excess energy to the grid.
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relevant for the dynamics of the system - quarter of the
day (sq ), day of the week (sd ) and season of the year
(ss ),
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Fig. 1. Optimal policy in a deterministic case on a winter day. Top plot shows
the load and PV profiles, bottom plot depicts the battery energy level.

IV. C ONCLUSION
This abstract has discussed the use of RL to efficiently
schedule the operation of a battery in a microgrid in a
fully deterministic environment. The full paper will present a
stochastic scenario where the energy demand and PV production are not known in advance, with the simulations extended
over multiple days. Future works will investigate the effect
of dynamic electricity pricing and a multi agent scenario
where the storage, consumer and utility grid are considered
as individual agents interacting with each other. The results of
this study will be of interest to companies like ABB, Schneider
Electric and Enervalis providing microgrid solutions for: a
better integration of RES, an increase in energy reliability,
and ensuring grid stability.
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