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, Senior Member, IEEE, Kimon P. Valavanis , Life Member, IEEE, Eros Pasero , Life Member, IEEE, and
Marco Badami

Abstract—The integration of Battery Storage Systems (BSS)
into microgrids can enhance renewable energy utilization, reduce
operating costs, and improve stability. However, the inherent un-
certainty of photovoltaic (PV) generation and electricity demand
presents significant challenges for safe and efficient control. This
paper proposes a unified framework for safe BSS scheduling,
using a dual safety mechanism integrated into a deep reinforce-
ment learning (RL) agent operating under realistic, uncertain
conditions. This approach exploits a novel agent architecture
based on the Proximal Policy Optimization (PPO) algorithm with
a custom feature extractor that captures both present operational
states and long-term dependencies. This feature extractor lever-
ages a Long Short-Term Memory (LSTM) encoder-decoder for
PV generation and demand forecasting. Multiple safety metrics
are evaluated, including violation rates during active operation,
and the results are benchmarked against state-of-the-art model
predictive control and RL methods. The proposed approach
yields the best trade-off between economic performance and
operational safety, improving safety compliance by over 74%
relative to a model predictive control baseline while maintaining
comparable economic return. The novelty of this work lies in
jointly addressing partial observability, heterogeneous temporal
dependencies, and multi-metric safety evaluation in a single
framework for BSS scheduling.

Index Terms—Battery energy storage systems, energy man-
agement systems, Long Short-Term Memory, microgrids, model
predictive control, partial observability, Proximal Policy Opti-
mization, safe reinforcement learning.

I. INTRODUCTION

SHIFTING towards a zero-carbon economy and achieving
global carbon neutrality represents a major challenge

for humanity. Within this context, the energy sector holds
a crucial role and faces considerable pressure to contribute
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with solutions [1]. The global push for these targets has
led to an increased reliance on renewable energy sources,
including photovoltaic (PV) systems, offering the potential to
significantly decrease dependence on fossil fuels [2].

The integration of Battery Storage Systems (BSS) is emerg-
ing as a valuable solution for microgrids in the industrial sector
[3], enabling increased renewable energy adoption, reduced
operating costs, and enhanced stability [4]. However, the inher-
ent variability and uncertainty of both renewable energy gener-
ation [5] and electricity demand [6] still present considerable
operational challenges for energy microgrids [7]. Therefore,
the development of advanced energy management systems
is crucial to enable optimal scheduling of BSS. Traditional
approaches have largely relied on the following methods: rule-
based control (RB), as in [8] and [9]; mathematical program-
ming (MP), as in [10], [11], and [12]; evolutionary algorithms
(EA), as in [13]; model predictive control (MPC), as in [14],
[15], and [16]. RB, MP, and EA methods, while simpler to
implement, often lack adaptability to the dynamic operating
conditions and the increasing complexity of BSS scheduling
problems [17]. Furthermore, these traditional methods can be
computationally intensive for real-time implementation [18].

Recent advancements have explored Reinforcement Learn-
ing (RL) techniques for energy management in microgrids
[19] [20]. RL offers the potential to learn optimal control
policies directly from data, without requiring explicit system
models, and adapt through fine-tuning when operating condi-
tions change. Multiple RL approaches have been implemented
for BSS scheduling: state-action-reward-state-action (SARSA)
in [21]; deep Q-network (DQN) in [22]; Deep Deterministic
Policy Gradients (DDPG) in [23]; Twin Delayed DDPG (TD3)
in [24] and [25]; Proximal Policy Optimization (PPO) in [26]
[27] and [28]. In [12] and [29], time series forecasting is
integrated in the energy management pipeline for increased
robustness. However, traditional RL methods do not provide
any theoretical guarantee that actions made during training
will be safe in a real system [30]: they are susceptible to
instability and safety concerns when integrated in real-world
environments due to the potential for unsafe actions during
the learning and deployment process. In the context of BSS
scheduling, this may lead to battery degradation or even
system failures if not carefully managed [31].

Safe RL has emerged as a crucial solution to address the
inherent safety concerns of conventional RL when applied to
critical infrastructures such as modern power systems [31].
Safe RL aims to mitigate risks by learning policies that max-
imize expected rewards while adhering to safety constraints
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TABLE I: Safe-RL methods for BSS scheduling. Abbreviations: heating, ventilation, and air conditioning (HVAC); interior-
point policy optimization (IPO); multi-agent twin delayed deep deterministic policy gradient algorithm (MATD3)

Article Base
model

Safety strategy Partial
observability

Temporal dependency Constraint type Safety metrics

[36] MATD3 Shielding, Reward
shaping

No Very short-term horizon,
only historical data

SOC, voltage BSS controllability rate

[44] IPO Trust region method No Short-term horizon, only
historical data

SOC, power limits, demand-
supply balance, HVAC

Avg. thermal limit violations (MVA),
avg. voltage magnitude violations (p.u.)

[41] DDPG Penalty in the ob-
jective

No Short-term horizon, only
historical data

SOC, power limits, demand-
supply balance

Heat violation (MW), electricity
violation (MW)

This work PPO Shielding, Reward
shaping

Yes Short-term horizon, het-
erogeneous data

SOC, power limits, demand-
supply balance

Total and active-operation violation rate,
relative frequency and magnitude (kWh)
of violations

throughout both the learning and deployment phases [32].
One prominent approach involves adding a safe layer that
is decoupled from the traditional RL framework, designed to
verify and modify unsafe actions before execution [33]. This
can be achieved through human intervention [34] or a shielding
mechanism [35]. Applications of this approach to microgrid
management have been presented in [36] and [37]. A limitation
of the shielding approach lies in determining valid actions
from those deemed unsafe, which necessitates prior knowl-
edge of the system. Alternatively, action projection techniques
mathematically map unsafe actions to the closest action within
a defined safe space, as first proposed by [38] and applied
in [39] and [40]. Nevertheless, linear approximations may
inadequately represent complex system behavior, and frequent
iterative calculations can substantially increase computation
time. Another major category focuses on transforming the pol-
icy optimization criterion, like Lagrangian relaxation, where
constrained problems are converted into unconstrained ones
by penalizing constraint violations in the objective function,
often integrated with algorithms such as soft actor-critic (SAC)
[30] and DDPG [41]: they are simple to implement but it
is challenging to balance constraint enforcement and reward
maximization. A method that has recently gained attention is
the trust region method, which modifies the policy optimiza-
tion criterion by enforcing a trust region constraint, such as
first-order constrained optimization in policy space (FOCOPS)
[42] and penalized proximal policy optimization (P3O) [43]:
they can dynamically balance constraint adherence and reward
maximization, but penalty parameters must be carefully tuned.
Such techniques are used in energy management, as in [44] and
[45]. Other safe RL methods include imagination and reward
shaping, which have been implemented in [46].

Despite progress in both traditional and safe RL approaches,
several research gaps remain. Existing safe RL studies often
evaluate a limited number of safety strategies without com-
paring them to traditional techniques. Furthermore, existing
approaches to dynamic, uncertain power systems still lack
efficient handling of time-series data: in particular, they do not
address the problem as a partially observable one due to uncer-
tainties and do not explicitly handle heterogeneous temporal
dependencies, which can negatively impact the performance
and stability of control strategies. Table I summarizes recent
safe-RL studies on BSS scheduling, highlighting these gaps.

This paper addresses these gaps by presenting a novel

framework for optimizing BSS scheduling in a microgrid. The
key contributions of this work are the following:

• A safe BSS scheduling framework is developed: it in-
corporates a microgrid environment with multiple safety
constraints, operating under partial observability.

• A novel PPO-based RL agent architecture is proposed,
featuring a custom feature extractor with present and
lookahead state heads to simultaneously take into ac-
count the present operational state and longer-term de-
pendencies. A pre-trained encoder-decoder long short-
term memory (LSTM-ED) model is used to forecast PV
production and electric demand.

• The agent is trained with a dual safety mechanism,
comprising reward shaping to steer the policy toward
feasible actions and shielding to block unsafe actions.
This combination yields a single, end-to-end controller
that simultaneously maximizes economic gains and sat-
isfies operational constraints: it reduces active-operation
violations by 74.28% relative to an MPC baseline and
by 37.37% relative to a shielding baseline, while main-
taining comparable economic performance (under 1%
difference).

• A comprehensive benchmarking against state-of-the-art
safe RL and MPC strategies is conducted, considering
multiple safety metrics and the trade-off between safety
and economic return.

This work is an extension of the conference paper titled
Optimizing Battery Storage Systems in Energy Microgrids: A
Reinforcement Learning Approach comparing multiple reward
functions [47]. In this new version, a custom feature extractor
is integrated to address the partially observable nature of the
problem and leverage the variety of time-series information
available, including a new LSTM-ED model to forecast PV
generation and electric demand; a detailed comparative analy-
sis of safety strategies is carried out, based on both economic
and safety metrics; finally, a comparison with two traditional
MPC controllers is added.

II. SYSTEM DESCRIPTION

The considered energy system, shown in Fig. 1, includes
a PV station and a BSS designed to store surplus energy
generated by the PV station for later use to meet the demand
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of a user. The equation which models the update of the SOC
of the BSS is (1):

SOCt+1 = SOCt + ηchaEcha,t −
Edis,t

ηdis
, (1)

where Echa,t and Edis,t represent the charged and discharged
energy, respectively, ηcha and ηdis are the charging and dis-
charging efficiency, respectively. Simultaneously charging and
discharging is not allowed. Thus, the energy exchange with the
BSS is denoted as EBSS,t, which is positive when discharging
and negative when charging: EBSS,t = Edis,t − Echa,t with
Echa,tEdis,t = 0. The BSS can charge solely from surplus PV
energy and discharge no more than the residual demand. The
exchange of energy with the national grid is determined via
(2), which is the energy balance equation:

ED,t − EPV,t − EBSS,t − EGEx,t = 0, (2)

where EGEx,t is the energy exchanged with the grid, ED,t

is the electric demand and EPV,t is the energy generated by
the PV station. Two further quantities are defined: grid energy
purchase (EGP,t) and surplus sale (EGS,t). If EGEx,t ≥ 0,
then EGP,t = EGEx,t and EGS,t = 0; otherwise, EGP,t = 0
and EGS,t = |EGEx,t|.

Fig. 1: Scheme of the energy system.

III. PROBLEM FORMULATION

An energy management system is introduced to optimize
the BSS schedule to minimize costs and constraint violations
operating on an hourly time step. At each step, the system
receives information on SOC, demand, PV generation, and sin-
gle national price (SNP). The latter is the wholesale reference
price for electricity exchanged with the national grid. Then, the
system determines the BSS charging or discharging action. PV
self-consumption and grid exchange amounts are subsequently
calculated to ensure the energy balance. A schematic of this
problem is shown in Fig. 2.

Fig. 2: Diagram of the energy management problem.

A. Objective function
The objective function is the Earnings Before Interest,

Taxes, Depreciation, and Amortization (EBITDA) [48]:

EBITDA = P − C, (3)

where P is the revenue from selling the surplus electric energy
to the grid and C is the cost of the electric energy purchased
from the national grid. They are defined below:

P = EGS(SNP + spreadS), (4)
C = EGP (SNP + spreadP ), (5)

where EGP and EGS are derived from EGEx (see section II),
SNP is the single national price, spreadP = 0.080 C/kWh
and spreadS = 0.020 C/kWh are the fixed purchasing and
selling price, respectively. Costs related to the operation and
maintenance of the BSS were not considered.

B. Constraints

At each time step t, the system is subject to the following
set of constraints to ensure that it operates within physical
system boundaries:

SOCmin ≤ SOCt ≤ SOCmax (6)
EGEx,t − ED,t + EPV,t − Echa,t + Edis,t = 0 (7)

In (6), SOCt is the current SOC of the BSS, SOCmin and
SOCmax define the operation range of the SOC. Equation (7)
is the balance of energy introduced in (2). In addition, Edis,t

and Echa,t are subject to the following constraints:

Echa,tEdis,t = 0 (8)
Echa,t ≤ Emax

cha,t (9)

Echa,t ≤ min(0, ED,t − EPV,t) (10)
Edis,t ≤ Emax

dis,t (11)

Edis,t ≤ max(0, ED,t − EPV,t) (12)

Here, Emax
cha,t and Emax

dis,t represent the maximum amount of
energy that can be charged or discharged at each time step,
respectively:

Emax
cha,t =

SOCmax − SOCt

ηcha
, (13)

Emax
dis,t = (SOCt − SOCmin)ηdis. (14)

C. Markov Decision Process formulation

RL problems are commonly modelled as Markov Decision
Processes (MDPs), a discrete-time stochastic framework for
sequential decision-making. An MDP comprises a state space
S, an action space A, transition dynamics T : S×A→ ∆(S),
and a reward function r = S × A × S → R with discount
factor γ. Central to the definition of an MDP is the Markov
property, which assumes that the probability distribution of
the next state is dependent solely on the current state-action
pair. Nevertheless, full state observability is rare in real-world
environments [49]: such problems are typically modelled
as partially observable MDPs (POMDPs) [50]. Formally, a
POMDP is described by the 6-tuple (S,A, T, r,Ω, O), where
the agent receives observations o ∈ Ω drawn from a distribu-
tion, o ∼ O(s), rather than having direct access to the true
state. The following sections define the main elements within
this framework.
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1) State: In the BSS scheduling problem presented in this
work, the agent must account for two stochastic exogenous
variables that evolve independently of its actions: the aggregate
electric demand ED,t of the user and the on-site PV generation
EPV,t. Neither variable is directly controllable and their future
realizations are unknown at decision time. This uncertainty
requires formulating the task as a POMDP. Specifically, at
each time step t, the latent state of the environment st ∈ S is
defined as:

st =(ht, SOCt,SNP
(H)
t , ED,t, EPV,t). (15)

Here, ht represents the hour of the day, and
SNP

(H)
t = (SNPt, ..., SNPt+H−1) is the SNP for

the next H = 12 hours. The SNP is known 12
hours in advance. Because ED,t and EPV,t are not
observable, they are replaced with their respective
H-step-ahead forecasts Ê

(H)
D,t = (ÊD,t|t, ..., ÊD,t+H−1|t)

and Ê
(H)
PV,t = (ÊPV,t|t, ..., ÊPV,t+H−1|t), where ÊD,t+k|t

and ÊPV,t+k|t are the forecasts made at time t of ED,t+k

and EPV,t+k, respectively. The observable surrogate state
supplied to the RL agent, therefore, becomes

s̃t =(ht, SOCt,SNP
(H)
t , Ê

(H)
D,t , Ê

(H)
PV,t). (16)

2) Action: The action at ∈ A denotes the BSS energy
exchange at time t, i.e. at = EBSS,t. If at > 0 the BSS
discharges: Edis,t = EBSS,t, Echa,t = 0. If at < 0 it charges:
Echa,t = −EBSS,t, Edis,t = 0. The SOC of the BSS is then
updated based on (1).

3) Reward: The EBITDA objective function in (3) includes
stochastic PV generation and electric demand, which lead to a
high-variance learning signal. To isolate the economic benefit
of the BSS and stabilize training, the following reward is
defined:

rt = kr(ACt + Pt) (17)

where Pt is revenue from selling surplus energy in (4) and
ACt = Edis,t(SNPt + spreadP ) is the cost saved by self-
consuming BSS discharge. Omitting the grid-purchase term Ct

ensures an always positive, low-variance signal that accelerates
and stabilizes policy optimisation. The coefficient kr = 104

leaves the underlying MDP unchanged while scaling rewards
to O(100−102), which empirically speeds up convergence .

IV. PROPOSED SAFE BSS SCHEDULING FRAMEWORK

This section outlines the components of the proposed safe
BSS scheduling framework, designed with a focus on safety
constraints. It first describes the PV generation and electric
demand forecaster, followed by a custom feature extractor that
incorporates this forecaster to exploit diverse time-series data.
Next, the main RL algorithm used (i.e., PPO) is explained, and
the safety paradigms implemented are summarized. Lastly, a
description of the overall workflow of the training and testing
processes is provided.

A. PV generation and electric demand forecaster

Accurate H-step-ahead forecasts of EPV and ED strongly
impact the decision-making performance of the battery-storage
scheduling agent. State-of-the-art multi-step time-series fore-
casters range from classical statistical models to deep-learning
architectures. For PV and demand forecasting, however,
encoder-decoder Long Short-Term Memory (LSTM-ED) net-
works have shown a trade-off between accuracy and com-
putational cost [51], [52]. Therefore, a sequence-to-sequence
LSTM-ED network that maps historical PV generation and
electric demand to their respective H-hour-ahead forecasts was
pre-trained. Fig. 3 summarizes the architecture of the LSTM-
ED model implemented.

Fig. 3: Architecture of the LSTM-ED model. A compact
notation is adopted, where the temporal indices for all input
variables are specified outside the brackets to avoid repetition.

B. Feature extractor

The surrogate state s̃t mixes instantaneous variables (e.g.,
SOCt), deterministic signals (ht, SNP

(H)
t ), and stochastic

multi-step forecasts
(
Ê

(H)
D,t , Ê

(H)
PV,t

)
output by the pre-trained

LSTM-ED. Therefore, the agent must simultaneously take
into account the present operational state and longer-term
dependencies. In order to reduce the dimensionality of the
state while separately handling present and future components
of the state, a custom feature extractor is designed. Fig. 4a
illustrates the two-headed feature extractor that transforms the
observable surrogate state s̃t into the compact representation
ϕt∈Rdϕ processed by the RL agent. In particular, the present-
state head aggregates the state of variables at the decision
instant t:

pt =
[
ht, SOCt, SNPt, ÊPV,t|t, ÊD,t|t

]⊤ ∈ R5. (18)

This vector is passed unchanged to the final concatenation
node. The lookahead-state head is composed of a single-
layer LSTM encoder (LSTM-LH) with hidden size dz which
receives the forecasts of PV generation and electric demand,
the known SNP and hour variables across the next H−1
steps. It then outputs a fixed-length context vector zt ∈Rdz ,
capturing longer-term dependencies. Finally, the two branches
are concatenated and forwarded to the shared backbone of the
RL agent:

ϕt =
[
p⊤t , z

⊤
t

]⊤ ∈ Rdϕ , dϕ = 5 + dz. (19)
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(a) (b)

Fig. 4: (a) Schematic representation of the PPO-RB-SR agent, integrating the feature extractor and the dual safety mechanism.
A compact notation is adopted, where the temporal indices for all input variables are specified collectively outside the brackets
to avoid repetition, and time ranges are expressed as t0 → t1. The block denoted as Env represents the environment summarized
in Fig. 2. (b) High-level algorithmic flowchart illustrating the sequential stages of data preprocessing, training, and evaluation.

C. Proximal policy optimization algorithm
The RL model selected in this work is Proximal Policy

Optimization (PPO). PPO is a state-of-the-art first-order, on-
policy deep RL algorithm with an actor-critic architecture. It
was proposed in [53] as an improvement over standard policy
gradient methods. It serves as a core component for numerous
approaches to safe RL. The PPO loss in [53] is computed as

L(θ) = Ê
s∼dπ

a∼π

[LCLIP(θ) + cvf Lvf(θ)], (20)

where π is the current policy with parameters θ, dπ is the
discounted future state distribution, Lvf = (Vθ(st) − V targ

t )2

is the squared-error value-function loss with weighting coef-
ficient cvf, and LCLIP(θ) is the clipped surrogate objective,
defined in [53] as

LCLIP(θ) = E
s∼dπ

a∼π

[
min

{
ρ(θ)Aπ, clip

(
ρ(θ), 1− ε, 1 + ε

)
Aπ

} ]
(21)

where ρ(θ) is the probability ratio between the new and the
old policy, Aπ is the generalised advantage estimate (GAE),
and ε∈(0, 1).

In this study, the default flattening extractor of PPO is
replaced with the custom feature extractor (Section IV-B) as
a shared layer preceding both actor and critic networks to
process time-series data.

D. Safety strategies
To ensure safe and reliable operation of the BSS within the

microgrid, two safety paradigms are implemented:
1) Shielding: A shielding mechanism based on predicted

PV generation and demand is incorporated, adopting an action
replacement approach: it substitutes any unsafe action at with
a default safe action asafet , ensuring safety with minimal
intervention.

2) Reward Shaping: To guide the RL agent towards safe
and effective behavior, reward shaping is employed. The
original reward function is modified by incorporating a penalty
term for actions that violate system constraints and an additive
bonus term to incentivize safe actions:

r̂t = rt − pI{∑i v
i
t≥1} + bI{∑i v

i
t=0}, (22)

where vit = I{violation of the i-th constraint at time t} are violation in-
dicators. The scalar weights are p = 0 and b = 0.01. They
are fixed constants experimentally tuned to balance reward
maximization with safety compliance.

As illustrated in Fig. 4a, the two safety strategies, namely,
reward bonus (RB) and shielding via replacement (SR), are
integrated within the RL architecture as distinct layers that
interface between the PPO backbone and the environment. The
resulting agent is denoted as PPO-RB-SR. At each time step t,
the feature extractor maps the observation ot received from the
environment to a context vector ϕt, which is the input for the
PPO algorithm to produce a candidate action at. The shielding
block intercepts at and evaluates constraint violations based
on ot and the predicted PV generation and demand. If a
potential violation is detected, the action is replaced with a
fixed safe action asafet for execution in the environment. The
environment then returns a reward rt and a violation indicator
vector vt. Finally, the reward shaping layer adjusts rt based
on vt to produce the augmented reward r̂t, which is used to
update the weights of the PPO model.

E. Algorithmic workflow

The overall algorithmic workflow of the proposed frame-
work, encompassing both the training and testing phases,
is depicted in Fig. 4b. The training phase begins with the
preprocessing of the training dataset, which is used to pre-
train the LSTM-ED forecaster to provide the multi-step-
ahead forecasts required for the state representation. The pre-
trained LSTM-ED is frozen and integrated into the feature
extractor. During the training loop, the agent learns the optimal
scheduling policy by interacting with the environment through
the shielding and reward-shaping mechanisms. Finally, the
performance of the trained agent is validated using a test
dataset. This ensures that the agent’s ability to optimize BSS
scheduling while maintaining safety generalizes to unseen PV
and demand profiles.

V. CASE STUDY

This section introduces the case study, which concerns the
microgrid of a transport hub located in Italy, the experimental
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setup of the proposed approach, the baseline methods for
benchmarking, and the metrics used in this work.

A. Dataset and pre-processing

The collected dataset comprises generation data from the
on-site PV station, electric demand data from the transport hub
facilities, and the SNP data from January 1, 2023, to December
31, 2023, aggregated hourly. Daily 12-hour-ahead SNP values
are publicly available in Italy and were gathered throughout the
specified period. The PV station has a nominal power equal
to 22 MW. The BSS has a nominal capacity SOCmax of
10 MWh (SOCmin = 0 MWh), a charging and discharging
efficiency (ηcha and ηdis, respectively) of 0.935, and requires
one hour for a complete charge or discharge cycle. The electric
demand of the transport hub ranges from 3937 kWh to 13379
kWh, and the SNP ranges from 0.001 C/kWh to 0.870 C/kWh.

A training set has been extracted, selecting one day for
every month of the year (288 data points). Then, the whole
dataset (8760 data points) has been used for testing to evaluate
yearly metrics. The data sets have been scaled in the interval
[−1, 1] with min-max scaling to improve training stability and
convergence.

B. Experimental setup

The PV generation and electric demand forecaster LSTM-
ED has been implemented via the Pytorch framework [54].
It comprises an encoder and a decoder, each containing
two LSTM layers; the decoder includes a fully connected
output layer. The LSTM hidden-state dimension is 32. The
training data have been randomly partitioned into 80% and
20% subsets, used for its training and validation, respectively.
Training employs mini-batches of 32 samples and the Adam
optimizer with a learning rate equal to 7.74 · 10−3 and early
stopping. The model has been trained for 103 epochs.

The proposed PPO agent (PPO-RB-SR) features a hybrid
safety approach: it combines the reward-shaping bonus tech-
nique (with p = 0 and b = 0.01) and action replacement
shielding (asafet = 0). The hyperparameters p and b are fixed
constants and have been tuned to identify the configuration
that optimally balances operational efficiency with constraint
satisfaction. The PPO implementation employed is the discrete
version of PPO available in the Stable Baselines3 library
[55], with the addition of the custom feature extractor in
place of the default flattening extractor. Its hyperparameters
are summarized in Table II. The action space comprises 98
discrete values ranging from -10000 kW to 9350 kW in 200
kW increments; the upper limit is truncated at 9350 kW,
which is the maximum feasible discharge after accounting for
efficiency. Although the BSS uses a continuous power range,
a discrete action space was chosen to improve RL model
performance and convergence speed [56]. This approach is
standard for energy storage arbitrage, allowing for more robust
policies [57].

C. Baseline methods

To validate the economic return and constraint compliance
of the proposed BSS scheduling approach, the performance

TABLE II: Main hyperparameters of PPO

Hyperparameter PPO Hyperparameter PPO
No. environments 4 Advantage norm. Yes
Actor/critic layers 2 cvf 0.5
Actor/critic units 128 Gradient clipping 0.5
Learning rate 3 · 10−4 LSTM-LH layers 1
Steps 288 LSTM-LH units (dz) 16
Batch size 64 λ 0.95
Epochs 10 ϵ 0.2
γ 0.99

of PPO-RB-SR is benchmarked against different state-of-the-
art methods. They include multiple safe RL methods and two
MPC controllers.

Five PPO agents have been trained, each employing a
different safe RL strategy and the same PPO hyperparameters
detailed in Table II. These benchmarks are categorized as
follows:

• Shielding: Two variants have been evaluated. First, a PPO
agent with action projection shielding (PPO-SP), mapping
at to the nearest action asafet within the safe action space
via constraint-based clipping. Second, a PPO agent with
action replacement shielding (PPO-SR), where invalid
actions were replaced with the fixed action asafet = 0.

• Reward shaping: Two variants have been evaluated. First,
a PPO agent featuring the penalty approach with p = 0.01
and b = 0 (PPO-RP). Second, a PPO agent featuring the
bonus approach with p = 0 and b = 0.01 (PPO-RB).

• Trust region method: A Penalized Proximal Policy Opti-
mization (P3O) [43] model has been created by customiz-
ing the PPO algorithm. P3O integrates safety constraints
into the PPO objective via a ReLU-based penalty. In
this work, the adaptive update of the penalty coefficient
κi ← min(ρκi, κmax) is executed only when the em-
pirical discounted cost JCi

exceeds the limit di, and
the critic includes an additional cost-value head. P3O
hyperparameters are κ0 = 0.1, ρ = 0.1, κmax = 10,
and di = 0.

Additionally, performance has been benchmarked against
two MPC controllers. MPC is widely used in industrial pro-
cesses, building automation [58], and microgrid power man-
agement [16]. It optimizes control trajectories by minimizing
a cost function subject to constraints, executing only the first
action at each time step. In this work, a 1-hour time step
and a 12-hour horizon are considered. The state variable is
the SOC in (1), controllable inputs are Echa,t and Edis,t, and
auxiliary variables are EBSS,t and EGEx,t. The disturbances
are SNPt and forecasts (Ê

(H)
D,t , Ê

(H)
PV,t), with H = 12. The

objective function in (3) is formulated as a cost minimization.
Two MPC variants have been evaluated:

• A deterministic MPC (MPC-D), which uses perfect re-
alizations (E(H)

D,t ,E(H)
PV,t) to establish an upper-bound per-

formance benchmark, since the problem is convex.
• A stochastic MPC (MPC-S), which uses forecasts

(Ê
(H)
D,t , Ê

(H)
PV,t), with H = 12, to manage uncertainty and

enforce operational constraints in a realistic setting.
They are developed using the discrete implementation avail-
able in the do-mpc library [59] with an Interior Point Opti-
mizer (IPOPT) solver [60]. Its tolerance is set to 10−7 and its
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maximum number of iterations to 50000 via hyperparameter
tuning.

All the experiments have been conducted using the same
training and testing sets. To reflect realistic operational prac-
tices incorporating multiple safety layers (e.g., protection de-
vices and emergency shutdowns), actions leading to constraint
violations are replaced with a fixed action (at = 0) during
testing. This ensures a fair assessment of agent performance
within a broader, realistic safety context.

D. Metrics

The primary economic metric is EBITDA (see (3)). Safety
is evaluated using two main violation metrics. The overall
violation rate (VR) measures the percentage of time steps
with any violation during the entire test simulation. A second
metric, VRA, computes the violation rate only for time steps
where at ̸= 0 (VRA), providing a more granular measure of
constraint compliance during active operation. The trade-off
between EBITDA and VRA can be summarized with the trade-
off index I:

I =
|EBITDA| − |EBmin|
|EBmax| − |EBmin|

− VRA−VRAmin

VRAmax −VRAmin
, (23)

where EBmin = 0, EBmax is the EBITDA of MPC-D,
VRAmin = 0, and VRAmax = 100.

VI. RESULTS AND DISCUSSION

A. PV generation and electric demand forecasting

The performance of the LSTM-ED model is benchmarked
against two state-of-the-art baselines, a gated recurrent unit
encoder-decoder (GRU-ED) and a one-dimensional convolu-
tional neural network (CNN-1D), using Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and the coefficient
of determination (R2) metrics. The GRU-ED consists of two
layers with 32 hidden units, while the CNN-1D employs 64
channels and a kernel size of 7; both were trained with specific
learning rates (4.23 ·10−3 and 2.33 ·10−3, respectively) and a
batch size of 32. To ensure a rigorous comparison, all models
were trained and evaluated under identical conditions.

As shown in Table III, for EPV , the LSTM-ED emerges
as the best performing model. In the case of ED, all models
exhibit good predictive performance (R2 = 0.92), with GRU-
ED providing marginal improvement. Overall, the LSTM-
ED maintains the most consistent performance across both
variables.

TABLE III: Performance comparison of LSTM-ED, GRU-ED,
and CNN-1D

Variable Algorithm MAE (kWh) RMSE (kWh) R2

EPV

LSTM-ED 847.78 1720.46 0.87
GRU-ED 876.00 1742.52 0.86
CNN-1D 949.65 1815.14 0.85

ED

LSTM-ED 421.59 559.59 0.92
GRU-ED 420.85 541.83 0.92
CNN-1D 428.73 554.75 0.92

B. BSS scheduling

Fig. 5 shows the mean episode reward and episode violation
count of each RL strategy during training. The rewards are
not directly comparable because different bonus or penalty
magnitudes shift the overall reward scale; however, it is
possible to observe that all the models converge to a stable
policy with a low violation count, with PPO-RB, PPO-RP,
and PPO-RB-SR exhibiting the best safety performance during
training.

Fig. 5: Mean episode reward (left) and episode violation count
(right) of each RL strategy as functions of training step, with
an inset providing a zoomed view of late-stage behavior.

The following sections describe the comparative analysis of
the performance of each safety strategy over the full test year
of operation based on economic and safety metrics.

1) Economic and safety performance analysis: Table IV
presents a comparative analysis of the economic and safety
performance of each control strategy, revealing a clear
trade-off between profitability and operational safety. MPC-
D exhibits the theoretical best performance, achieving an
EBITDA of -C16,917,608 with a perfect operational record,
i.e., zero constraint violations; for this reason, it is omitted
from the study of violation types and frequencies in the fol-
lowing sections. Introducing stochasticity with MPC-S results
in a marginal decrease in economic performance (-0.79%) and
an associated small VR of 4.50% overall. Its VRA, however,
is considerably high, leading to a trade-off index of 0.76. The
P3O strategy exhibits a significantly higher VR, a very high
VRA, and the worst economic performance overall, indicating
it is a less robust approach. Reward shaping strategies achieve
better safety outcomes than the MPC. Shielding approaches,
specifically PPO-SR, further enhance safety: PPO-SR displays
the lowest overall VR, equal to 1.26%, and a VRA of
10.33%. The proposed hybrid strategy, PPO-RB-SR, achieves
a competitive trade-off with I = 0.95: it minimizes the
VR and exhibits the lowest VRA among all tested strategies
(6.47%), while providing the second highest EBITDA among
RL strategies, after PPO-SP.

TABLE IV: Total annual EBITDA, violation rates, and trade-
off index for each strategy

Type Strategy EBITDA (C) VR (%) VRA (%) I

MPC MPC-D -16,917,608 0.00 0.00 1.00
MPC-S -17,051,322 4.50 25.16 0.76

Trust region P3O -17,229,296 16.96 79.33 0.23
Reward PPO-RB -17,217,605 3.47 10.49 0.91
shaping PPO-RP -17,216,126 3.18 16.45 0.85

Shield PPO-SP -17,104,787 5.20 31.39 0.70
PPO-SR -17,151,938 1.26 10.33 0.91

Hybrid PPO-RB-SR -17,133,910 1.55 6.47 0.95
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Of the seven strategies, two models were chosen for a
quarterly analysis: the MPC-S controller for its peak EBITDA,
and the PPO-RB-SR agent for its optimal balance of eco-
nomic return and constraint satisfaction. Table V summarizes
quarterly EBITDA and VRA for both models. PPO-RB-SR
consistently outperforms the MPC-S benchmark, maintaining a
lower VRA across all quarters. The most notable improvement
occurs in Q4, where the RL policy achieves an 86.81% relative
VRA reduction over the MPC-S. Both controllers achieve
nearly identical EBITDA (under 1% difference), proving that
PPO-RB-SR’s enhanced constraint satisfaction does not sacri-
fice economic performance. For both, the third quarter yields
the lowest EBITDA because of increased summer electricity
demand. Overall, the PPO-RB-SR policy is flexible and gen-
eralizes well across seasonal scenarios.

TABLE V: Quarterly performance of PPO-RB-SR and MPC-S
in terms of EBITDA and VRA. Q1-Q4 is the notation for the
four trimesters of the year 2023

Metric Quarter PPO-RB-SR MPC-S

EBITDA (C)

Q1 -3,262,979 -3,245,080
Q2 -2,615,495 -2,593,966
Q3 -7,611,531 -7,587,165
Q4 -3,634,301 -3,615,506

VRA (%)

Q1 2.76 23.49
Q2 4.20 15.78
Q3 12.62 30.04
Q4 5.07 38.43

2) Analysis of constraint violation types and magnitudes:
Fig. 6a illustrates the relative frequency of constraint violation
types across the implemented safety strategies. The four main
violation types are Charge exceeding PV surplus (see (10)),
Discharge exceeding net load (see (12)), Maximum SOC
exceeded (see right-hand side of (6)), and Minimum SOC ex-
ceeded (see left-hand side of (6)). The MPC-S and PPO strate-
gies with shielding, including PPO-RB-SR, predominantly
display the Charge exceeding PV surplus violation type, which
occurs with a relative frequency over 80%. This outcome
reflects difficulties in anticipating and reacting to uncertain
exogenous factors, particularly PV generation, emphasizing
the importance of enhancing PV forecasting accuracy. The
lack of Maximum SOC exceeded or Minimum SOC exceeded
violations is explained by the design of these strategies,
which explicitly restrict actions within SOC limits. In contrast,
the reward-shaping agents frequently incur Minimum SOC
exceeded violations (83.15% with PPO-RP and 47.65% with
PPO-RB). This behavior is likely rooted in the temporal credit
assignment problem inherent to RL: the agents may fail to
associate unsafe actions (aggressive discharging) with de-
layed negative consequences (SOC depletion). Moreover, their
tendency to cause Charge exceeding PV surplus violations
(43.62% with PPO-RB and 15.38% with PPO-RP) suggests
limited robustness against PV forecasting uncertainty. Finally,
P3O primarily causes Discharge exceeding net demand viola-
tions (92.78% relative frequency), suggesting that its penalty-
based learning process makes the agent prioritize economic
performance at the expense of compliance to safety limits.

Fig. 6b presents a comparison of the violation magnitudes
through box-and-whisker plots. The PPO-RB strategy stands
out with its tightly clustered distribution and minimal outlier
occurrence: this shows that this strategy tends to be very
conservative. Conversely, P30 and PPO-RP are characterized
by a significantly high median and interquartile range: this
suggests that these strategies may be more prone to occasional
but substantial constraint violations. Analysis of the control
action sequences shows that P3O and PPO-RP prioritize
aggressive discharging when high electricity prices coincide
with high demand and PV generation. This behavior leads to
severe constraint violations. Conversely, most other strategies
(e.g., PPO-RB-SR) maintain a lower median and tighter IQR
by consistently dampening aggressive actions that approach
safety thresholds, regardless of the potential reward. Fig. 7
illustrates an example of this behaviour during a challenging
day (July 29, 2023): during intervals of volatile SNP and
high demand, the PPO-RP agent (Fig. 7a) executes an ag-
gressive discharging sequence to attempt to minimize costs.
This behavior causes breaches in the lower bound of the SOC,
leading to the large magnitude violations seen in the previous
analysis. In contrast, the PPO-RB-SR agent (Fig. 7b) executes
a conservative charging sequence, allowing for an effective
discharge event at 21:00, when SNP peaks.

(a) (b)

Fig. 6: (a) Relative frequency of constraint violation types for
each strategy. (b) Box-and-whisker plot of absolute violation
magnitudes across strategies. Boxes represent the inter-quartile
range (IQR, 25th-75th percentiles); horizontal bars denote
medians, diamonds denote means, whiskers extend to 1.5·IQR,
and circles highlight outliers.

3) Analysis of the impact of LSTM-ED accuracy: To in-
vestigate the impact of LSTM-ED accuracy on PPO agent
training, we conducted an experiment where the proposed
agent was trained using real measurements of PV generation
and electric demand in place of the LSTM-ED forecasts.
Fig. 8 illustrates the learning curves for both the original
PPO-RB-SR agent and this newly trained agent. While both
agents achieve satisfactory performance, the agent trained with
real data consistently exhibits a slightly higher mean episode
reward and lower constraint violation rate. This highlights the
sensitivity of PPO training to the quality of the input forecasts
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(a)

(b)

Fig. 7: Daily energy profiles and SNP for a challenging day
(July 29, 2023): (a) PPO-RP, (b) PPO-RB-SR. E∗

PV represents
self-consumed PV generation. The warning symbol indicates
a Minimum SOC exceeded violation.

Fig. 8: Mean episode reward (left) and episode violation count
(right) as functions of training step for PPO-RB-SR (blue) and
PPO-RB-SR using real E(H)

PV,t and E
(H)
D,t in place of LSTM-ED

predictions (red).

and underscores the importance of accurate forecasting for
optimal BSS scheduling.

Considering all agents at test time, Fig. 9 shows a heat-map
of the per-hour violation frequency for each strategy. It is
possible to observe that 76.02% of the total violations across
all models (2,235 out of 2,940) occur between 10:00 and
15:00, aligning with peak PV output and, thus, suggesting
a temporal dependence driven by forecasting errors. This
temporal clustering is most pronounced in the P3O strategy,
which accounts for 43.36% of the recorded violations in this
time. PPO-RB-SR accounts for only 5.64% in this interval
and 4.52% of the total violations interval: even if the shield
fails due to high prediction errors, reward shaping encourages
a proactive, conservative behavior, making the agent less
likely to select actions that trigger violations. The temporal
dependence is further supported by Table VI, which reports the
Pearson correlation coefficients between VRs and the hourly
MAE of forecasts: RL-based strategies tend to be sensitive to

PV forecasting errors: P3O has the highest correlation, which
reflects their midday violation peaks in Fig. 9. Correlations
with demand forecasting errors are lower overall. Thus, vi-
olation risk often stems from the “perception and prediction
layer”, but the “control and decision layer” mitigates it. As
shown in Fig. 7, the conservative policy learned via the dual
safety mechanism maintains a sufficient buffer to prevent
violations. These results further highlight the critical role of
accurate PV generation forecasting for safe battery control.

Fig. 9: Heat-map of the per-hour violation frequency.

TABLE VI: Pearson correlation coefficients between the VR
of each strategy and the hourly MAE of PV and demand
predictions

Correlation Hourly MAE of Hourly MAE of
PV forecasts demand forecasts

Hourly VR of MPC-S 0.68 0.31
Hourly VR of P3O 0.92 0.52
Hourly VR of PPO-RB 0.45 0.24
Hourly VR of PPO-RP 0.83 0.42
Hourly VR of PPO-SP 0.52 0.26
Hourly VR of PPO-SR 0.68 0.27
Hourly VR of PPO-RB-SR 0.59 0.24

4) Daily energy profiles: Fig. 10 illustrates daily energy
profiles for a representative day (March 21, 2023). Only the
two best models, i.e. PPO-RB-SR and MPC-S, are considered.
BSS charging and discharging patterns differ across strategies.
Under MPC-S (a), charging occurs predominantly in midday
hours when PV generation peaks and SNP is low, while
discharging is concentrated during the evening price peak.
PPO-RB-SR (b) exhibits a midday charging trend similar
to MPC-S but with a larger safety margin, combined with
moderate discharging during the evening. This indicates a
more distributed approach, which allows the agent to minimize
violations especially during charging, as previously discussed.

VII. CONCLUSION AND FUTURE WORK

In prior safe RL studies for BSS scheduling, two research
gaps emerge: the lack of a systematic comparison of perfor-
mance and safety compliance with traditional control methods,
and the lack of explicit and efficient handling of uncertainty
and temporal dependencies in partially observable environ-
ments. The proposed approach addresses both by introducing a
unified framework for BSS scheduling. Central to the proposed
approach is a custom RL feature extractor designed to address
the partially-observable nature of the problem and capture
heterogeneous temporal dependencies. A PPO-RB-SR agent
is built based on the proposed architecture and trained with a
dual safety mechanism, comprising reward shaping to steer the
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(a)

(b)

Fig. 10: Daily energy profiles and SNP for a representative
day (March 21, 2023): (a) MPC-S, (b) PPO-RB-SR. E∗

PV

represents self-consumed PV generation.

policy toward feasible actions, and shielding to block unsafe
actions. Its performance is benchmarked against multiple state-
of the art safe RL and MPC strategies.

The results show that PPO-RB-SR achieves the best overall
balance between economic performance and safety metrics,
with an EBITDA of –C17,133,910 and a VRA of 6.47%: it
provides a 74.28% decrease in VRA compared to the MPC-S
baseline, while decreasing the EBITDA by less than 1%. The
quarterly performance analysis highlights that PPO-RB-SR
consistently outperforms the MPC-S benchmark, maintaining
a lower VRA and achieving an EBITDA that is less than 1%
lower across all quarters. All the reward shaping and shielding
RL strategies substantially improve safety compliance relative
to MPC-S thanks to the inherent flexibility provided by the
exploration and exploitation trade-off. However, the prevalence
of discharging violations for RL agents highlights challenges
in temporal credit assignment, where short-term rewards can
lead to delayed safety breaches. Violation timing patterns
concentrate around midday PV peaks, aligning with periods
of high PV forecast error. Even though PPO-RB-SR accounts
for only 5.64% violations in this time interval (and 4.52% of
the total violations), this finding reinforces the necessity of
accurate PV forecasting for safe BSS operation and suggests
that further integration of probabilistic forecasts could enhance
safety.

Overall, the comparative analysis shows that the hybrid
PPO-RB-SR strategy can improve safety relative to state-
of-the-art methods under uncertainty, effectively balancing
profitability and operational safety. The novelty of this work
lies in jointly addressing partial observability, heterogeneous
temporal dependencies, and multi-metric safety evaluation in
a unified framework for BSS scheduling.

Future work will enhance the proposed method in multiple
directions. First, to address potential scalability limitations
posed by a discrete action space when dealing with high-
dimensional, multi-asset scenarios or finer temporal scales, the
policy architecture will be modified to handle a continuous
action space. Second, to enhance decision-making under un-
certainty, the deterministic point forecasts from the pre-trained
LSTM-ED model will be replaced with probabilistic predic-
tions. Furthermore, the long-term reliability and robustness of
the approach will be validated by expanding the current dataset
to include multi-year data and extreme weather events. Finally,
battery degradation metrics will be integrated to ensure that
control actions remain compliant with hardware longevity and
safety requirements.
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vol. 25, no. 1, pp. 55–105, 2019.
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