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Optimal Control

Abstract—The rise of renewable energy sources (RESs) is
reshaping power grids, demanding new strategies for decen-
tralized energy management. Microgrids (MGs) offer a solution
by enabling localized energy control of generation, storage, and
distribution. This paper proposes an approach based on rein-
forcement learning (RL) for optimizing MG energy management,
where an RL agent learns optimal trading and storage policies
using historical data. A digital twin (DT) simulates the dynamics
of a battery energy storage system (BESS) for realistic emulation.
Validated with real-world data from an Italian scenario, our
method outperforms rule-based and existing RL benchmarks,
providing a robust solution for intelligent MG management.

I. INTRODUCTION

The energy landscape in Europe and the US has undergone
a major transformation due to the widespread adoption of
renewable energy sources (RESs). However, the decentralized
nature of these energy sources challenges the traditional role
of centralized power plants in maintaining grid stability. To
effectively manage decentralized energy systems, new grid
architectures such as micro-grids (MGs) have become essen-
tial. MGs are localized power networks capable of operating
both in connection with the main grid and independently
in islanded mode. Typically, they integrate multiple energy
sources, including microturbines, fuel cells, and photovoltaic
panels, alongside battery energy storage systems (BESSs) for
efficient energy storage and distribution [1]. Even if MGs
introduce a new level of flexibility, they also require tools
for intelligent management, given the intrinsic combinatorial
nature of the problem. A solution entails a distributed ap-
proach, where each MG independently defines its strategy
for energy storage, purchasing from external sources, and
selling surplus energy. In this direction, data-driven methods
derived from the field of machine learning (ML), in particular,
relying on deep reinforcement learning (DRL) techniques,
have been proposed [2]. These methods have demonstrated
the potential for learning optimal decision-making policies
for MG control under conditions of uncertainty. Nonetheless,
commonly available solutions optimize energy management
based solely on costs and profits from MG interactions with
the energy market while neglecting the BESS degradation and
replacement costs [3], [4], [5]. A partial solution to these
shortcomings is offered by [6], which models the system
degradation only as influenced by the temperature, ignoring
other important factors. The authors of [7] present a more
sophisticated aging model. However, they assume constant en-
ergy market prices and static ambient temperature, neglecting
that they significantly influence MG performance.

Instead, our work aims to design a more comprehensive
controller that optimizes the MG to manage BESS usage, avoid

excessive degradation, and reduce expenses due to energy
exchanges with the main grid. In the current work, we propose:

• an RL-based [8] methodology to learn the optimal control
strategy that uses historical information about energy
consumption, power generation, market prices, and a
digital twin (DT) to simulate the BESS;

• an experimental campaign to validate the proposed ap-
proach, which uses real-world data from the Italian en-
ergy market, real appliances consumption, photovoltaic
production, and temperature profiles to build effective
data-driven control policies through RL approaches.

II. PROBLEM FORMULATION

An MG is a node connected to a broader grid E and com-
prises an overall generation source G, an overall consumption
D, and a BESS B, as depicted in Figure 1. At a specific time t,
power production coming from renewable generation sources
(e.g., photovoltaic panels) generates an uncertain amount of
power PG,t. Meanwhile, the energy required to power the
MG’s electrical devices is aggregated within the total power
demand PD,t. The difference between production and con-
sumption generates the net power:

PN,t = PG,t − PD,t, (1)
either positive or negative, which must be managed effectively
by the controller. More specifically, if PN,t is a negative
quantity, the controller has to decide whether to retrieve the
remaining amount from the battery or the grid. Thus, it selects
PB,t, i.e., the fraction of PN,t that it wants to retrieve from
the battery, while the remaining part PE,t is acquired from the
main grid. Conversely, if PN,t is positive, it means that there
is a surplus of power with respect to the users’ demand. In
this case, the controller action is intended as the proportion
of net power PN,t to store within the battery PB,t, while the
remaining part PE,t will be sold to the grid. Formally, at each
time t, the controller has to choose the value at with at ∈ [0, 1]
such that PB,t = atPN,t and PE,t = (1−at)PN,t. The chosen
action should comply with the BESS’s physical constraints
since we cannot overcharge or excessively drain it.

A. Controller’s goal

The goal of the controller is to learn the optimal strategy
leading to the maximization of economic profits due to trading
with the energy market and the costs related to BESS degra-
dation. Formally, the controller wants to maximize over a time
horizon T the total profit obtained following a specific policy
π = (a0, . . . , aT ), defined as:

RT (π) = max
π

T∑

t=1

[rtrad(at) + rdeg(at)], (2)
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Fig. 1: MG schema.

where rtrad(at) ∈ R is the reward/cost gained from the
exchanges of energy the MG makes with the market, and
rdeg(at) < 0 is the cost due to battery degradation.

Formally, the trading component rtrad(at) of the total profit
is defined as:

rtrad(at) = (psellt P+
E,t + pbuyt P−

E,t)∆τ , (3)
where psellt and pbuyt are the unit energy prices for selling
and buying energy at time t, respectively (with psellt < pbuyt ),
P+
E,t and P−

E,t are the positive and negative part of PE,t,
respectively, and ∆τ is the considered interval of time in [h].

The degradation term rdeg(at) depends on the BESS’s State
of Health (SoH), i.e., its aging. Indeed, an energy storage
system starts its life cycle at the maximum SoH, i.e., 100%,
which monotonically decreases until the end-of-life (EOL)
value, indicating that the system is no longer capable of
performing the current task (usually between 80 − 60%).
Formally, having ρt ∈ [0, 1], the degradation cost term is:

rdeg(at) =
ρt − ρt−1

1− ρEOL
R , (4)

where ρt and ρt−1, with ρt ≤ ρt−1, are the battery SoH values
at time t and t− 1, respectively, ρEOL ∈ (0, 1) is the end of
life (EOL) SoH, and R is the BESS replacement cost.

III. PROPOSED METHOD

This section formalizes the presented problem as a Markov
Decision Process (MDP). In particular, we will define the state
st, the action at, and the reward rt we will use in our RL-
based controller.

State space The state space vector st comprises the agent’s
signals from the environment. Formally, at each time step t:

st =
(
σt, Tt, P̂D,t, P̂G,t, p

buy
t , psellt ,

cos(φd
t ), sin(φd

t ), cos(φy
t ), sin(φy

t )
)
, (5)

where σt is the storage unit SoC, Tt is the battery temperature,
P̂D,t and P̂G,t are the estimates of the energy demand and
generation, pbuyt and psellt are the buying price and the selling
price of the energy from the market, respectively, φd

t ∈ [0, 2π]
is a variable representing the angular position of the clock in a
day, given by φd = 2πτd

Td
, where τd ∈ [0, Td] is the current time

of the day in seconds and Td is the total number of seconds
in a day and, similarly, φy

t ∈ [0, 2π] is a variable representing
the angular position of the current time over the entire year.

Action space The action space in our setting is the continu-
ous action variable at ∈ [0, 1], representing the proportion of

energy to dispatch (take) to (from) the BESS. If PN,t > 0, and
therefore PB,t ≥ 0 and PE,t ≥ 0, it regulates the proportion
between the power used to charge the battery and the one
sold to the main grid. Conversely, if PN,t < 0, the action at
regulates the proportion of demanded energy that will be taken
from the energy storage and the one bought from the market,
thus PB,t ≤ 0 and PE,t ≤ 0.
Reward function Formally, the instantaneous reward is:

rt = [rtrad(at) + rop(at)] + λrclip(at). (6)
The first two elements are the same as we defined in Equa-
tions (3) and (4). The term rclip(at) is a penalty given to
the agent performing an action that needs to be clipped for
structural constraints and λ is a weight to regulate how much
such component should be influencing the learning procedure.

Algorithm 1 Interaction between Agent and Environment

1: Initialize: s0, {P(i)
D }Mi=1, PG, Cbuy , Csell, K, B(·), π(·)

2: for j ∈ {1, . . . , nep} do
3: Sample demand profile P(i)

D ∼ Unif
(
{P(i)

D }Mi=1

)

4: Initialize σ1, T1, ρ1
5: for t ∈ {1, . . . , T } do
6: Compute estimates P̂G,t, P̂

(i)
D,t

7: Observe current state st
8: Agent takes action at ∼ π(st)

9: Compute PB,t ← at(PG,t − P
(i)
D,t)

10: Update (σt+1, Tt+1, ρt+1)← B(σt, Tt,Kt, PB,t)

11: Compute PE,t ← (1− at)(PG,t − P
(i)
D,t)

12: Collect reward rt
13: Update policy π(·)
A. Learning procedure

The learning procedure is based on collecting samples
(st, at, rt, st+1) from the interaction between a learning agent
U and the environment. The pseudocode of the exchanges
occurring during the training procedure is provided in Al-
gorithm 1. The algorithm requires an initial state of the
microgrid s0 ∈ S, values for the time horizon {1, . . . , T }
of a set of demand profiles {P(i)

D }Mi=1, with M ∈ N, a
generation profile PG := (PG,1, . . . PG,T ), market selling
and buying prices sequences Csell := (psell1 , . . . , psellT ) and
Csell := (pbuy1 , . . . , pbuyT ) (respectively), and the ambient
temperature profile K := (K1, . . . ,KT ). We use multiple
demand profiles where each specific profile is formally defined
as P(i)

D := (P
(i)
D,1, . . . P

(i)
D,T ). Conversely, we used a single

generation, market price, and ambient temperature sequence,
assuming the simulated MGs have similar locations. We also
need a model for the BESS B(σt, Tt,Kt, PB,t) which, given a
SoC σt, the internal temperature Tt, the ambient temperature
Kt, and a charge/discharge power PB,t, is able to provide the
SoC σt+1, its internal temperature Tt+1 and the degradation
occurred in the last step ρt+1. Finally, we require an initial
policy π(·) that will be optimized over the procedure.

The learning process occurs over nep episodes, along which
we simulate the MG by selecting each time a specific demand
profile P(i)

D uniformly at random, considered for the entire



training episode (Line 3). Once the episode is set and the
battery is initialized (Line 4), we simulate a step t of the
interaction between the environment and the agent. At first,
the agent estimates the value of the next generation P̂G,t

and demand P̂D,t (Line 6), to build the current state of the
environment st (Line 7). Based on the state, the agent executes
the action at ∼ π(st) prescribed by the policy (Line 8). Such
an action determines the energy to be sent to the BESS PB,t

(Line 9), and its corresponding evolution (Line 10), and the
energy to exchange with the main grid PE,t (Line 11). Based
on the degradation and the exchanges with the main grid, the
agent receives the feedback rt, as defined by Equation (6)
(Line 12). Finally, the agent updates its policy π(·) (Line 13).
Notice that while the environment is reset at each episode,
the policy π(·) is kept fixed between episodes so that the
information incorporated in previous episodes is retained.

IV. EXPERIMENTAL EVALUATION

We validate the presented approach in a real-world scenario
based on an MG for household use in the Italian region.
For the sake of brevity, we do not discuss the datasets used
in this study; however, they will be made available in the
associated GitHub repository. In our solution, denoted as RL⋆,
the RL agent is trained using the PPO algorithm [9]. The
training phase lasts nep = 100 episodes and has a decision
step of ∆τ = 3600s (or equivalently a frequency of 0.0003
Hz). We simulate the dynamics of the BESS using a DT,
which emulates the evolution of battery SoC, temperature,
and SoH over time. We assume a battery replacement cost
of R = 3000C.

We compared RL⋆ with common deterministic strategies
and state-of-the-art RL-based controllers of MG energy storage
systems. More specifically, we evaluated:

• X-Ys: deterministic rule-based strategies that dispatch
X% of PN,t to the battery and the remaining Y % to
the grid. Specifically, we tested 20-80, 50-50, and 80-20;

• OnlyGrid (OG): a rule-based strategy forcing the in-
teraction with the main grid without using the battery,
corresponding to the 0-100 policy;

• BatteryFirst (BF): a rule-based policy fostering battery
usage as much as possible before interacting with the
main grid, corresponding to 100-0 policy;

• RL-base: baseline reproducing the solution conceived
by [7], trained with fixed ambient temperature and market
prices, however adapting the method to a continuous
action space.

• RL-base+: an extension of RL-base using fixed ambi-
ent temperature but incorporating information about the
evolving market dynamics.

We compare the different policies U in terms of average
(over the validation profiles) empirical reward over the time
horizon t ∈ {1, . . . , T }:

R̂t(U) =
1

N

N∑

i=1

t∑

h=1

[r
(i)
trad(ah) + r

(i)
deg(ah)], (7)

where r
(i)
trad(ah) and r

(i)
deg(ah) are the trading and degradation

costs corresponding to the i-th demand profile P(i)
D at time

t. We also compared the separate contribution of trading and
degradation to the final reward as follows:

R̂□,t(U) =
1

N

N∑

i=1

t∑

h=1

r
(i)
□ (ah) (8)

with □ ∈ {trad, deg}. In particular, we evaluate the gap
∆R̂□,t(U,B) w.r.t. a baseline method B:

∆R̂□,t(U,B) := R̂□,t(U)− R̂□,t(B). (9)
Positive values for ∆R̂□,t(U,B) corresponds to larger perfor-
mance of U than B.
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Fig. 2: Cumulative average empirical reward.

Campaign results Figure 2 reports the cumulative empirical
reward R̂t(U) of the policies corresponding to the analysed
control strategies over the time horizon. It is worth noting
that, on average, none of the strategies achieve a positive total
return. This was expected since the cost of buying energy
is always larger than the selling price, and the generation
profile produces energy in excess of the demand only 39.6%
of the times over the year of testing. Moreover, the reward
also includes the degradation component, which is strictly
negative since it is related to BESS usage. Among the analysed
approaches, the proposed RL⋆ solution provides the best
average results over the time horizon. Within the central
months of the year (approximately June to September), the
performances have been on par or slightly worse than those of
previous RL-based solutions and OG. However, at the end of
the time horizon, the RL⋆ method reduces the cost of 3.2%
w.r.t. RL-base, i.e., the state-of-the-art RL solution, and of
6.7% w.r.t. OG, i.e., the best among the rule-based strategies.
The strong OG performance, in this scenario, is primarily due
to the relatively high cost of BESS replacement, which in turn
brings high degradation costs for those methods that rely more
heavily on BESS utilization.

Figure 3 presents a heatmap showing how RL⋆ plays differ-
ent actions in response to varying demand levels throughout
the test year. Each tile represents the logarithm of the number
of times an action is chosen. This figure highlights that as the
demand rises, the action progressively increases the amount of
power the algorithm is addressing to the BESS. Using such a
strategy, RL⋆ obtains a larger overall reward than OG. These
results suggest that trivial rule-based approaches might not
be flexible enough for this setting since they cannot adapt to
external environmental changes.

Furthermore, we infer that RL-base and RL-base+ tend
to trade more with the market than RL⋆, and they make



less intensive usage of the BESS. This phenomenon is more
evident for RL-base+, whose policy is almost equal to the OG.
This might be because it employs approximate information
about the degradation, overestimating the associated cost. This
highlights how the joint use of information about the energy
market and the ambient temperature, strongly influencing
the degradation, is crucial to allow RL⋆ to learn effective
strategies for the MG.
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Fig. 3: Action vs. demand during a test profile run.
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Fig. 4: Boxplot representing the empirical return across the
28 validation profiles. The values above the plot represent the
mean over the test profiles.

In Figure 4, we provide boxplots representing the empirical
distribution of the reward R̂□,t(U) at the end of time horizon T
of the considered strategies over the different demand profiles.
The figure shows that returns significantly fluctuate across
testing profiles. This is because the yearly demand for different
profiles spans from 1.50 to 5.05 MWh over the test set.
However, we can see that the median of the reward for RL∗ is
close to the 75% percentiles of most rule-based algorithms and
has lower variability w.r.t. the OG one. Even when compared
with the other RL-based approaches, RL∗ provides the largest
median value for the reward and the smallest spread (having a
smaller box and shorter whiskers). This corroborates the idea
that the proposed approach can provide more consistent results
over the considered profiles. Finally, a paired t-test to check
if the difference between the rewards of RL∗ and those of
the other methods is significantly greater than zero provided
us with a p-value (overall) of 0.0052, proving that there is
strong statistical significance that our method is consistently
performing better than the others.

Market shifts We evaluated the robustness of our approach
across various scenarios with modified energy prices. In par-
ticular, we performed experiments in which we considered a
multiplicative term α > 0 for both the selling and buying
prices, i.e., we used αCsell and αCbuy in place of Csell and
Cbuy , respectively (during the training and testing of our

algorithms). This modification mimics the increase (α > 1) or
decrease (α < 1) of the energy price caused by geopolitical
events or natural catastrophes.

Figure 5 show the results of the reward R̂T (U) with different
values of the parameter α ∈ {0.1, 0.5, 1, 1.5, 2}. When the
energy cost is small, the most profitable strategy is the OG
since the financial loss from market transactions diminishes.
Conversely, as α increases, the optimal strategy shifts toward
BF since purchasing energy becomes prohibitively expensive,
making the battery degradation a more cost-effective choice.
Moving to RL strategies, RL⋆ outperforms RL-base for α >
0.5 and is on par with all the other approaches for all the
values of α. These results corroborate that our approach can
adapt to different environmental conditions.1
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Fig. 5: Reward at the end time horizon for different parameter
values α.

V. CONCLUSION AND FUTURE WORKS

In this paper, we explore MG energy management opti-
mization, and, leveraging historical data and a BESS DT, we
propose RL∗, a novel RL-based approach that learns cost-
effective control policies. Validated on Italian MG settings,
our method outperforms rule-based strategies and prior RL
benchmarks. Future work includes integrating multi-agent
logic for cooperative energy trading.
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