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Abstract—Residential microgrids with photovoltaic generation
and battery storage require energy management strategies that
reduce grid costs while limiting long-term battery degradation.
We present a degradation-aware simulator in which the storage
system is managed by a Battery Management System module
based on an equivalent circuit model (ECM) with SoH-dependent
parameters. Aging is updated from experimentally identified
SoH-Ah throughput curves for a commercial NMC 18650 cell,
and a DoD-based wear cost is included in the objective. A PPO
controller is trained to select charge/discharge setpoints and is
tested on real household data against a rule-based controller
and an oracle MPC benchmark. The best policies consistently
outperform the rule-based baseline and approach oracle MPC
performance at medium battery utilization.

Index Terms—microgrid, energy management, battery degra-
dation, reinforcement learning, model predictive control

I. INTRODUCTION

Residential microgrids with PV and battery storage require
EMS strategies that reduce grid costs while limiting battery
aging. Existing degradation-aware EMS methods often rely on
simplified battery models with fixed efficiencies and weakly
chemistry-grounded aging assumptions, which can misesti-
mate the economic impact of capacity fade and resistance
growth.

In this study, we propose a degradation-aware simulation
framework in which a dedicated Battery Management System
(BMS) module implements an equivalent circuit model (ECM)
with State of Health (SoH) dependent parameters. Aging is
updated from experimentally identified SoH-Ah throughput
curves, and a depth-of-discharge (DoD) wear cost is included
in the objective. On top of this simulator, a Proximal Policy
Optimization (PPO) controller learns battery charge/discharge
setpoints and is evaluated on real household data against a
rule-based baseline and an oracle Model Predictive Control
(MPC) benchmark.

Experimental results demonstrate that the learned policy
consistently outperforms standard rule-based strategies and
achieves a cost-degradation trade-off comparable to the oracle

MPC in medium-utilization regimes, effectively balancing
immediate economic gains with long-term asset preservation.
The main contributions of this work can be summarized as
follows:

• We develop a degradation-aware simulation environment
for residential microgrid energy management in which
the EMS is coupled with a battery module based on an
ECM with State of Health dependent parameters.

• We incorporate battery lifetime effects into the EMS
through experimentally derived aging curves and a DoD-
based wear cost, so that control decisions account for the
long term economic impact of battery cycling.

• We train a PPO-based controller to generate battery
charge/discharge setpoints and benchmark it against a
rule-based EMS and an oracle MPC on real household
demand and PV data, analyzing the resulting policies in
the cost/degradation Pareto plane.

Data used in this work is available at [1]. The code
associated with this study will not be made publicly available
at this stage, as it is part of an ongoing research project
currently under active development. Public release is planned
in a subsequent phase, once the research framework has been
fully consolidated.

The paper is organized as follows.
Section II covers related work while the methodology, includ-
ing the simulator, benchmarks, and RL agent, is presented in
Secs. III–V. Finally, Sec. VI details the battery characteriza-
tion, with results and conclusions in Secs. VII–IX.

II. RELATED WORK

Data-driven approaches are increasingly used in smart grid
systems, from operational optimization to fault detection
and classification [2]. Optimization-based approaches such as
Mixed-Integer Linear Programming (MILP), Model Predictive
Control, and stochastic MPC are widely used for microgrid
EMS design. They minimize operating cost by optimizing grid
import/export while enforcing power-flow constraints, SoC



dynamics and bounds, and power balance at each step [3].
Degradation is increasingly included by adding an equivalent
wear cost, often derived from depth-of-discharge or cycle-
counting models [4]. However, most formulations still use
simplified batteries, typically State of Charge (SoC) dynamics
with constant efficiency.

Reinforcement learning (RL) has emerged as an alternative
to optimization-based EMS, motivated by its ability to handle
nonlinear dynamics, uncertainty, and complex decision pro-
cesses without requiring explicit system models. Recent works
apply, for example, deep RL algorithms such as DQN, DDPG,
TD3, SAC, and PPO to microgrid energy management prob-
lems, often reporting lower operating costs compared to rule-
based controllers or heuristic baselines [5]. Among policy-
gradient methods, Proximal Policy Optimization (PPO) and
its multi-agent variants are increasingly adopted for EMS and
ESS scheduling, owing to their stable updates and suitability
for continuous control [6]. In these studies, battery aging
is not commonly introduced as an additional internal health
state with long-term dynamics; instead, when lifetime con-
siderations are included, they are typically addressed through
surrogate terms, for instance by discouraging frequent charge
and discharge switching.

Despite the critical importance of battery storage in micro-
grids, most EMS formulations adopt simplified models based
on SoC dynamics and constant charge-discharge efficiencies.
In contrast, equivalent circuit models (ECM), widely used
in BMSs to capture voltage behavior, internal resistance,
and losses, are only sporadically integrated into EMS frame-
works due to their increased computational complexity and
parameter dependence on operating conditions. From an aging
perspective, extensive experimental literature exists on battery
degradation, where capacity fade is often characterized as a
function of charge throughput or cycling history [7]. However,
only a limited number of EMS or RL-based studies directly
integrate experimentally derived aging curves into the control
or learning process.

III. SYSTEM MODELING AND PROBLEM FORMULATION

We simulate a microgrid comprising an aggregated load,
a photovoltaic generator, a battery energy storage system
(BESS), and a point of common coupling (PCC) enabling
bidirectional exchange with the main grid. Importantly, the
simulator represents the physical layer, while the Energy
Management System is the decision layer that schedules
energy flows. In this work, we focus on tertiary EMS (eco-
nomic/strategic optimization) while secondary and primary
control (voltage/frequency and local device control) are as-
sumed to be handled by the underlying controllers. The
overall microgrid architecture and EMS decision layer are
summarized in Fig. 1.

A. Microgrid Simulator

The microgrid is simulated in discrete time using
pymgrid [8]. Load and PV generation are driven by exoge-
nous time series, while the grid module models bidirectional
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Fig. 1. Scheme of the simulated microgrid and EMS decision layer. Energy
flows are represented by red lines, while EMS input data flows are the blue
dashed lines. The green dashed line is the EMS battery action.

exchange at the PCC within import/export limits; imbalance
due to constraints is handled via loss of load and curtailment
terms. For the storage system, we implement a custom bat-
tery module that acts as a BMS. Specifically, it receives a
charge/discharge setpoint from the EMS, checks admissibility,
and applies the corresponding internal command.

The battery evolution is captured by a chemistry-dependent
transition model. Open-circuit voltage and internal resistance
are taken from experimental lookup tables versus SoC and
SoH. Hence, given the energy setpoint, current and terminal
voltage are computed through the ECM (including ohmic
losses) and used to update energy/charge states (SoE/SoC).
Aging is updated from experimentally identified cumulative
Ah throughput curves and reduces effective capacity, with
limits updated accordingly.

A detailed description of the battery pack characteristics
and of the experiments conducted to obtain cell level data is
provided in Section VI.

B. Operational Constraints

The simulation is performed in discrete timesteps. At time
step k, the available photovoltaic production and the demand
are exogenous signals. The EMS acts on the battery and
grid exchange setpoints, which the simulator interprets as net
energy flows over the interval. We introduce the non-negative
variables Ech

b (k) and Edis
b (k) for charge and discharge, and

Eimp
g (k) and Eexp

g (k) for import and export, assuming that in
each interval the command is unidirectional, so that charge and
discharge, and import and export, do not occur simultaneously.

The energy balance at the PCC at each step can therefore
be expressed as:

Eused
pv (k)+Eimp

g (k)+Edis
b (k) = Emet

load(k)+Eexp
g (k)+Ech

b (k).
(1)



TABLE I
TIME OF USE TARIFFS, TOU, USED FOR GRID EXCHANGE.

Band Time window, local cbuy csell
Peak 18 to 20 0.35 0.123
Standard 7 to 17; 21 to 22 0.30 0.123
Off peak Remaining hours 0.27 0.123

Grid exchange is limited by connection capacity constraints,
given by:

0 ≤ Eimp
g (k) ≤ Eimp, (2)

0 ≤ Eexp
g (k) ≤ Eexp, (3)

where Eimp and Eexp are the maximum energies that can be
exchanged per interval in import and export.

For the storage system, the BMS enforces operational
constraints on both the internal state and the admissible energy
flows. Degradation is represented through the state of health
SoH(k), which reduces the usable pack capacity. In particular,
letting CE

nom denote the nominal energy capacity, in kWh, the
effective energy capacity is:

CE
eff(k) = SoH(k)CE

nom. (4)

Based on E(k), the energy stored in the BESS, we define
the State of Energy, SoE, as a normalized quantity:

SoE(k) =
E(k)

CE
eff(k)

, (5)

subject to the constraints:

SoEmin ≤ SoE(k) ≤ SoEmax. (6)

Similarly, introducing the pack charge Q(k), in Ah, and the
effectively available charge Qeff(k), in Ah, we define the State
of Charge, SoC:

SoC(k) =
Q(k)

Qeff(k)
, (7)

with the corresponding constraints

SoCmin ≤ SoC(k) ≤ SoCmax. (8)

C. Microgrid Operational Costs

The evaluation of the energy management strategies is
carried out in terms of operating cost, including the costs
and revenues associated with energy exchange with the main
grid at the PCC, and a storage degradation cost introduced
to monetize the wear associated with charge and discharge
cycles.

1) Grid exchange costs: The purchase and selling tariff
signals cbuy(k) and csell(k) are assumed known and are
expressed in EUR/kWh. In this study, we adopt Time of Use
tariffs, denoted as ToU, assigned according to the hour of day.
The ToU bands used in the simulations are reported in Tab. I.
The grid exchange cost over a single interval is then:

Jgrid(k) = cbuy(k)E
imp
g (k)

−csell(k)E
exp
g (k),

(9)

which is positive in case of net import and can become
negative, representing revenue, when export is remunerated.

2) Battery wear cost model: To include the effect of aging
in the EMS objective function in a computationally efficient
manner, we adopt the wear cost model proposed in [9], which
links the degradation cost to depth of discharge. Defining

DoD(k) = 1− SoC(k), (10)

the model introduces a degradation acceleration curve, denoted
as ACC, as a function of DoD:

ACC(DoD) = a0 DoD−b0 exp(−c0 DoD), (11)

and defines an incremental wear cost at step k proportional to
the variation of the quantity 1/ACC between two successive
instants:

Cwear(k) = α
Brep

2

∣∣ 1

ACC(DoD(k))

− 1

ACC(DoD(k − 1))

∣∣, (12)

where Brep represents the replacement cost of the battery
pack and α is a multiplicative factor, possibly temperature
dependent, that allows modulating the economic impact of
degradation.

The parameters a0, b0, and c0 in (11) were obtained
by fitting the semi-empirical DoD-dependent cycle-life law
in [9] to experimental cycle-life data for NMC 18650 cells
reported by Ecker et al. [10]. Specifically, the discrete pairs
(DoD,ACC) were reconstructed from the reported number of
equivalent full cycles to end-of-life at each DoD level, and the
three parameters were identified via nonlinear least-squares
regression. The resulting values used in the simulations are
a0 = 1354, b0 = 1.614, and c0 = 0.068.

This model was selected because it allows associating to
wear a marginal cost linked to depth of discharge, naturally
penalizing deeper cycles, and because it is compatible with
integration into EMS optimization problems.

IV. EMS BENCHMARK MODELS

A. Rule Based EMS

As baseline, a rule-based controller (RBC) was adopted, that
uses only instantaneous demand Eload(k) and PV production
Epv(k), without solving an optimization problem. Defining the
net load NL(k) = Eload(k) − Epv(k), the policy prioritizes
self-consumption: i) if NL(k) > 0, it discharges the battery
up to E

dis

b (k) and imports the residual from the grid; ii) if
NL(k) < 0, it charges the battery up to E

ch

b (k) and exports
the residual. Admissibility and mutual exclusion are enforced
by the BMS, and the resulting exchanges satisfy the balance
(1).

B. Model Predictive Control

The EMS based on MPC determines the exchange setpoints
by optimizing, at each interval k, a sequence of decisions over
a finite prediction horizon N , and then applying only the first
decision according to a receding horizon scheme. In this work,



an oracle MPC is considered, since the future horizon values
of demand Eload(k+ i) and photovoltaic production Epv(k+
i), are given as input to the model. This assumption allows
using the MPC controller as a performance upper bound in
the comparison with other EMS strategies.

1) Decision variables and model: At the generic predicted
instant k + i, with i = 0, . . . , N − 1, the MPC optimizes the
BESS charge and discharge energies Ech

b (k+ i) and Edis
b (k+

i), and the grid import and export energies Eimp
g (k + i) and

Eexp
g (k + i), all non negative.
Due to the MILP nature of MPC, electrochemical nonlin-

earities are not included directly in the prediction model. In
particular, BESS losses are represented through a dynamic effi-
ciency ηdyn(k), updated at each step from the ECM parameters
and treated as a known parameter in the optimization. The
BESS dynamics are therefore formulated in terms of stored
energy E(k), in kWh, as:

E(k + i+ 1) = E(k + i) + ηdyn(k + i)Ech
b (k + i)

− 1

ηdyn(k + i)
Edis

b (k + i).
(13)

In the simulator, ηdyn(k) is defined from the adopted ECM
in Sec. VI through the open circuit voltage VOC and the ohmic
resistance R0. Letting the terminal voltage be:

V (k) = VOC(k)−R0(k) I(k), (14)

with I(k) positive during discharge, we adopt a step level
efficiency, including a constant inverter factor, equal to the
ratio between useful power and electrochemical power:

ηdyn(k) = ηinv


V (k)

VOC(k)
, I(k) ≥ 0,

VOC(k)

V (k)
, I(k) < 0,

ηdyn(k) ∈ [0, 1].

(15)

where ηinv ∈ (0, 1] accounts for the power electronics losses
and ηdyn is saturated in [0, 1] for numerical robustness. The
BESS energy limits derive from the constraints on SoE and
from the effective capacity CE

eff , which depends on SoH (see
Sec. III):

SoEmin C
E
eff(k) ≤ E(k + i) ≤ SoEmax C

E
eff(k),

i = 0, . . . , N.
(16)

Finally, for each i = 0, . . . , N − 1, the energy balance at the
PCC (1) must hold.

2) Optimization problem: The MPC computes the com-
mand sequence by minimizing a cumulative cost that combines
the energy exchange cost with the grid, with cbuy(k) and
csell(k), penalties for curtailment and loss of load, and a

BESS degradation term derived from the wear cost model in
Sec. III-C. A formulation compatible with the simulator is:

min

N−1∑
i=0

(
cbuy(k + i)Eimp

g (k + i)− csell(k + i)Eexp
g (k + i)

+ λll

(
Eload(k + i)− Emet

load(k + i)
)

+ λcurt

(
Epv(k + i)− Eused

pv (k + i)
))

+ λwear Jdeg.

(17)
The weights λll and λcurt are introduced in order to discour-
age, respectively, loss of load and curtailment with respect to
grid exchange, while ensuring problem feasibility under tight
constraints. The scalar λwear is the wear cost scale used to
tune the relative importance of the degradation term in MPC.

The term Jdeg is defined in Sec. III-C starting from the
quantity ϕ(SoC) = 1/ACC(1 − SoC). To keep its inclusion
in a MILP problem, ϕ(SoC) is approximated by a piecewise
affine function with 3 segments over the operating interval
[SoCmin, SoCmax].

V. REINFORCEMENT LEARNING AGENT

The proposed EMS is formulated as a reinforcement learn-
ing problem in which a parametric policy learns to determine
the storage management setpoints in order to minimize the
microgrid operating cost, including the economic impact of
battery degradation. The agent is trained using the Proximal
Policy Optimization algorithm (PPO), implemented through
the Stable-Baselines3 library [11]. The RL agent does
not receive load and PV production forecasts as inputs, since
the objective of this work is to study the ability of RL to
learn policies that reduce wear costs, while isolating the agent
decisions from the possible influence of uncertainty associated
with external forecasting models. In this way, performance is
evaluated in a more robust and reproducible setting, which
does not depend on forecast quality, and keeping the observa-
tion dimensionality limited.

A. PPO Algorithm

Proximal Policy Optimization (PPO) is an on-policy actor–
critic method that promotes stable learning via conservative
updates, while keeping first-order gradient optimization. The
control policy is a parameterized stochastic policy πθ(a | s)
mapping the observable state s to a distribution over actions
a. In parallel, a value function Vϕ(s) estimates the expected
return and reduces the variance of policy-gradient estimates.
Moreover, starting from trajectories collected by rolling out
the current policy πθold , PPO updates θ by maximizing a
surrogate objective built on importance sampling. Defining the
probability ratio:

rt(θ) =
πθ(at | st)
πθold(at | st)

, (18)



and an advantage estimate Ât (computed from the observed
rewards and a baseline Vϕ, e.g., via generalized advantage
estimation), the clipped PPO objective is:

LCLIP(θ) = Et

[
min

(
rt(θ) Ât,

clip
(
rt(θ), 1− ε, 1 + ε

)
Ât

)]
,

(19)

where ε limits the effective change of the policy between suc-
cessive iterations. The clipping mechanism discourages overly
large updates and improves training stability by preventing
harsh policy updates [12].

PPO was selected in this work because it naturally addresses
the continuous EMS action, i.e., the storage energy setpoint,
without resorting to discretization. Moreover, the on-policy
nature of PPO is well aligned with the present setting, where
the reward explicitly internalizes a degradation-related cost
and the state includes a slowly varying component, namely
the SoH, so that stable updates can help mitigate training
instabilities associated with long-horizon effects.

B. RL EMS Formulation

a) Environment and simulator interface: The RL
environment is implemented using Gymnasium and
encapsulates the microgrid simulator described in Sec. III-A.
At each interval k, demand Eload(k) and photovoltaic
production Epv(k) are read from the dataset together
with the tariff signal (cbuy(k), csell(k)), and are used to
build the observation provided to the policy. The agent
then returns a charge or discharge setpoint for the BESS.
Based on this request, the environment determines the grid
exchange consistent with the energy balance and advances
the simulation by one step.

b) Observations: The observable state is constructed
from the variables available at the tertiary EMS level.
In the adopted configuration, the observation includes
demand Eload(k), production Epv(k), the internal storage
state through SoC(k) and SoH(k), and the instantaneous
limits on battery exchangeable energy E

dis

b (k) and E
ch

b (k).
To allow the policy to capture intraday seasonality and
price dependence, cyclic temporal features, hour and day of
week, and the ToU tariffs (cbuy(k), csell(k)) are also included.

c) Actions: The agent produces a scalar continuous
action that represents the signed BESS energy setpoint over a
single interval, interpreted as a discharge request (positive) or
a charge request (negative), which are mutually exclusive. The
command is made admissible by the BMS through saturation
within the limits E

dis

b (k) and E
ch

b (k). Once the battery
exchange is fixed, the grid exchange

(
Eimp

g (k), Eexp
g (k)

)
is determined automatically as the residual required by the
balance equation (1), while respecting the constraints (3).

d) Reward: The reward is defined as the negative of a
weighted instantaneous cost. The main terms reflect the grid
exchange cost Jgrid(k) (9) and the wear cost Cwear(k) (12).

An action violation term vact(k) is also added, which is a
boolean flag that is True when the requested action is not
feasible in terms of battery charge and discharge limits. In
addition, a penalty term vµ(k) for excessive micro charge
and discharge throughput is included, which is equal to the
instantaneous battery energy throughput when this is positive
but below a predefined threshold Eµ, and zero otherwise.

In compact form, the reward can then be defined as follows:

r(k) = − weco Jgrid(k)− wwear Cwear(k)

− wact vact(k)− wµ vµ(k).
(20)

VI. ENERGY STORAGE SYSTEM

A. ECM model adopted

The battery energy storage system is modeled with a low
order ECM, namely a zero-RC (Rint) model, chosen for low
computational burden in long horizon simulations [13]. This
choice is consistent with quarter-hourly data for which higher
order battery models would not be justified, as additional
dynamic states would not be properly exploited at this time
scale. The model is purely electrical, and no thermal dynamics
are simulated. Temperature enters only through temperature
dependent parameters treated as exogenous inputs. All simu-
lations are performed at ambient temperature, T = 20◦C.

The adopted ECM consists of an open-circuit voltage source
VOC in series with an ohmic resistance R0.

The terminal voltage of the battery pack is computed as:

V = VOC(SoC, T, SoH)−R0(SoC, T, SoH) · I, (21)

where I is the battery current (positive during discharge). Both
VOC and R0 are parameterized as functions of SoC, tempera-
ture T , and SoH, using experimentally derived lookup tables
and trilinear interpolation, following the approach presented
in [13]. Cell-level parameters are scaled to pack level as:

VOC = VOCcell
·Ns (22)

R0 = R0cell ·
Ns

Np
, (23)

where Ns and Np are respectively the number of cells in series
and in parallel.

Aging is modeled separately from the electrical dynamics
via a throughput-based law. The cumulative absolute Ah
throughput is tracked at cell level, and the corresponding SoH
is updated by interpolating the experimental SOH-Ah curves.
This approach guarantees reliable estimates of SoH, which
affects both effective capacity and electrical parameters.

B. Cell characterization

The experimental characterization was carried out using a
Chroma 17020 battery cycler equipped with eight channels,
each one rated at 100 V and 50 A, and an FDM1000 climatic
chamber (-20°C to 80°C). The tested cell is a commercial
cylindrical NMC cell, whose specifications are shown in
Table II.

The cell was subjected to a realistic cycling profile derived
from automotive applications. The adopted profile results in an



TABLE II
CELL SPECIFICATIONS.

Cell typology Lithium-ion NMC
EVE-INR 18650/33V
Geometry Cylindrical
Nominal capacity Qn,cell (Ah) 3.2
Nominal energy En,cell (Wh) 11.5
Voltage range: max–min–
nominal (V)

4.2 – 2.5 – 3.6

Max continuous discharge (A) 10
Operating temperature (◦C) Charge: 0◦C−50◦C

Discharge: −20◦C−60◦C
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Fig. 2. State of Health trend resulting from cell aging test in function of the
cumulative capacity discharged.

average discharge C-rate of approximately 1C and an average
charge C-rate of about 0.5C. Consequently, the electrical stress
imposed on the cell is moderate and representative of typical
operating conditions expected in residential stationary storage
systems [14].

Fig. 2 shows the experimentally obtained SoH-Ah through-
put relationship used to model battery aging, obtained by
performing 400 charging-discharging cycles.

Fig. 3 reports the corresponding evolution of the electrical
parameters VOC and R0 as a function of SoC, represented for
different SoH levels and evaluated at a reference temperature
of 20°C.

While the open-circuit voltage exhibits only marginal vari-
ations with aging over the considered SoH range, the ohmic
resistance shows a clear and systematic increase as SoH de-
creases. These trends confirm that battery aging predominantly
affects the resistive behaviour of the cell.

C. Battery sizing

The battery pack is configured with Ns series cells and
Np parallel strings (Ncells = Ns · Np). The choice of Ns

is constrained by typical residential inverter voltage ranges
(e.g. 120-550 V). Accordingly, Ns is chosen such that the
nominal pack voltage is in the middle range, ensuring that the
minimum battery voltage, when discharged, is not lower than
the minimum voltage allowed by the inverter, yielding:

Ns =
Vnpack

Vncell

. (24)
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Fig. 3. Parameters evolution with aging. The values are updated within the
battery model according to the state of health of the battery at each time step.

Once Ns is defined, the number of parallel strings Np is
selected to meet the target energy Etarget according to:

Np =
Etarget

Ns · Vncell
·Qncell

. (25)

For the considered scenario, a target energy of Etarget = 17.5
kWh is adopted, resulting in a configuration with Ns = 87
and Np = 17, for a total of Ncells = 1479.

VII. EXPERIMENTAL SETUP

A. Dataset

The load and photovoltaic production profiles used in
the simulator are derived from Open Power System Data
(OPSD) [1]. This dataset provides load and PV generation
at 15 minutes resolution from small commercial users and
residential households.

Starting from the available appliance measurements, an
aggregated demand profile was obtained by summing all
device consumption series. The training set spans 16 months
from September 2015 to December 2016, while the test set
spans 2 months from January 2017 to March 2017.

B. RL Model Training Settings

The RL agent is trained offline on the training set previously
described, using a discrete-time simulator with sampling time
Ts = 15 min. Each training episode spans one month, i.e.,
Nep = 2880 steps. To increase the diversity of operating
conditions seen during learning, each episode starts from a
randomly selected index in the training time series and the
battery initial state of charge is randomized uniformly within
the admissible interval [SoCmin, SoCmax]. Training is carried
out with a single environment, and Ntrain = 200 episodes,
corresponding to Ntrain ·Nep = 576,000 interaction steps.

The agent interface (observations, action, and reward struc-
ture) follows the RL EMS formulation in Sec. V-B.



TABLE III
PPO TRAINING HYPERPARAMETERS USED IN THE CASE STUDY.

Parameter Value
Policy network (actor/critic) [64, 64]
Learning rate 3× 10−4

γ 0.99
GAE λ 0.95
Clip range ε 0.20
nsteps 512
Batch size 128
Epochs per update 10
Entropy coefficient 3× 10−3

Regarding the reward composition described in Sec. V-B,
the weights used in the case study are set to weco = 2.3
(economic term), and wµ = 0.7 (micro-throughput penalty
with Eµ = 0.15).

In order to evaluate the RL model under different wear
cost penalization settings, a training sweep was done with the
following values of wwear : [0.2, 0.3, 0.4, 0.5, 0.6].

C. Simulations

All EMS strategies are evaluated on the test set using the
same microgrid parameters and tariff structure described in
the previous sections. The proposed PPO-based EMS (Sec. V)
was compared against the RBC baseline (Sec. IV-A) and the
oracle MPC benchmark (Sec. IV-B). In addition, the MPC
benchmark was evaluated by running multiple MPC tests
with different values of the wear cost scale λwear, namely
[0.1, 0.3, 0.4, 0.5], in order to explore the trade-off between
economic performance and degradation.

Performance was assessed by reporting cumulative import
cost, export revenue, and net grid cost, together with the
battery wear cost and final SoH value.

Moreover, we compare RL and MPC through the empirical
Pareto front in the objective space (battery wear cost, net grid
cost), to visualize the trade-off between operating cost and
degradation.

VIII. ANALYSIS OF RESULTS

This section reports the performance of the considered EMS
strategies on the test set, focusing on the trade-off between
grid cost reduction and battery aging. Specifically, Fig. 4
summarizes the Pareto analysis by plotting, for each simulated
operation, the net grid economic cost on the y-axis and the
battery wear cost on the x-axis.

Table IV reports a representative subset of MPC and RL
policies (together with the RBC baseline) on the test horizon,
decomposing the total return into economic and battery-wear
contributions. From the table, it can be observed that the best
RL configurations achieve a total cost that is close to the MPC
benchmark and consistently improve upon the RBC baseline.
Compared to MPC, which requires solving an optimization
problem online at every control step, a trained RL policy only
performs a single neural network forward pass. As a result,
inference latency is low and nearly constant, making the RL
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Fig. 4. Pareto front of net grid economic cost (y-axis) versus battery wear
cost (x-axis) for the considered EMS strategies.

TABLE IV
COMPARISON OF FINAL COSTS AND SOH ON THE TEST HORIZON.

Model Reco Cwear Rtot SoHfinal

[C] [C] [C] [%]
RBC -538.60 95.76 -634.35 99.2
MPC (λwear = 0.8) -579.06 1.59 -580.65 100.0
MPC (λwear = 0.4) -562.34 29.46 -591.80 99.7
MPC (λwear = 0.3) -538.83 76.55 -615.38 99.3
MPC (λwear = 0.03) -525.71 137.47 -663.18 98.8
RL (wwear = 0.6) -577.88 5.68 -583.56 100.0
RL (wwear = 0.5) -573.80 15.20 -589.00 99.9
RL (wwear = 0.4) -569.67 25.34 -595.01 99.8
RL (wwear = 0.2) -559.24 55.90 -615.15 99.5

controller well suited to real time operation and deployment
on edge devices with limited computational resources.

From the analysis of the time evolution of the battery
energy requests, reported in Fig. 5, it can be observed that
the reinforcement learning controller produces actions with a
smaller depth of discharge. This suggests that the learned PPO
policy has more effectively internalized the higher penalty
associated with deeper cycling, as encoded in the wear-cost
model. Moreover, as shown in Fig. 6, a representative PPO
training run exhibits a consistent learning trend over the course
of the episodes, since the episode return increases, while the
accumulated battery wear cost decreases. This indicates that
the learned policy progressively improves both task perfor-
mance and operational efficiency, converging toward a more
effective control strategy that achieves better outcomes with
lower battery degradation.

When focusing on the economic/wear tradeoff (Pareto per-
spective), MPC tends to achieve better solutions as the wear
cost scaling is reduced, i.e., when the controller is progres-
sively incentivized to exploit the battery more aggressively.
In this regime, MPC can generate sharper charge/discharge
actions and better time-shift energy thanks to oracle forecasts
over the optimization horizon. Conversely, the RL policies
form a less steep frontier. In fact, as one moves towards op-
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erating points with higher battery utilization (and thus higher
wear), the gap with respect to MPC increases. An explanation
of this result is given by the limited foresight of the RL agent
in the considered setup. Indeed, without explicit forecasts,
decisions are based on the current observation (including
instantaneous prices and time features), which can lead to
myopic behaviours such as importing from the grid while
missing opportunities to store PV surplus or to discharge
ahead of high-price periods. These differences become more
pronounced in battery-intensive regimes, where anticipating
near future conditions is critical for approaching oracle MPC
performance.

IX. CONCLUSIONS

This work introduced a simulation framework for residential
microgrid EMS with higher fidelity battery operation and
aging than constant efficiency models. Aging is updated from
experimentally identified SoH-Ah throughput curves, and a
DoD based wear cost is included in the EMS objective. On
top of this simulator, a PPO-based EMS learns a degradation-
aware policy from interaction without load/PV forecasts. On
a real household dataset, the best PPO configurations consis-
tently outperform the rule-based baseline and approach oracle
MPC at medium battery utilization; the gap increases in more
aggressive regimes where lookahead becomes critical. Future
work will incorporate load, PV, and price forecasts (including
probabilistic forecasts) to model uncertainty and learn policies
that are robust to forecast errors. Moreover, we aim to extend

the assessment of the policy’s economic impact over the entire
battery lifecycle and explore multi-objective RL formulations
to better balance conflicting operational goals.
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