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Abstract

For renewable-rich microgrids, effective energy management is essential to improve eco-
nomic efficiency and renewable-energy utilization while maintaining supply adequacy
and network security. However, online dispatch remains challenging because variable
renewable generation and demand must be coordinated under battery operating limits,
distribution-network voltage constraints, and limited forecast information. To address
this challenge, this paper proposes a safety-filtered hierarchical PPO–TD3 framework for
microgrid energy management. The upper PPO layer selects coarse battery operating
modes for long-horizon economic scheduling, while the lower TD3 layer refines continuous
battery-power commands for short-term regulation. Before execution, the fused command
is projected through a model-based safety filter considering state-of-charge limits, supply-
priority rules, and voltage screening under a 33-bus radial-network surrogate. Fixed-test
evaluation over five random seeds and 62 chronologically held-out test days shows that
the proposed controller reduces total operating cost from 1003.66 to 686.31 k c.u. (31.6%)
and unserved energy from 1743.25 to 1052.14 kWh (39.6%) relative to MPC-Lite, while
reducing average decision time from 180.21 to 43.55 ms per step. In a separate safety-filter
ablation, the filter reduced total cost from 912.47 to 686.31 k c.u., the hard-voltage violation
rate from 25.31% to 19.46%, and the executed state-of-charge violation rate from 0.40%
to 0.00%. These results indicate that the proposed framework supports reliable and effi-
cient renewable-rich microgrid operation, facilitating renewable-energy integration and
enhancing operational resilience.

Keywords: microgrid energy management; renewable energy integration; hierarchical
reinforcement learning; PPO–TD3; safety-filtered action projection; energy resilience

1. Introduction
The increasing demand for low-carbon and resilient energy systems has promoted

the deployment of distributed renewable energy resources, particularly photovoltaic (PV)
and wind generation, in distribution networks. Compared with centralized generation,
distributed renewable resources can utilize locally available clean energy and reduce
the dependence of local loads on conventional dispatchable generation [1]. Microgrids
provide an effective platform for integrating these distributed resources with battery energy
storage systems (BESSs) and backup generation, thereby improving local energy utilization,
supply reliability, and distribution-side operational flexibility [2]. Such microgrids can
serve aggregated residential, commercial, or light-industrial loads. In this study, the
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demand is represented by aggregated distribution-level load profiles rather than a sector-
specific end-use model; therefore, the proposed framework is not restricted to a particular
customer sector.

However, the intermittent and variable nature of renewable generation introduces
additional challenges to distribution-level energy management. A renewable-rich microgrid
requires coordinated operation of PV generation, wind generation, dispatchable diesel
generation, BESSs, and time-varying loads under renewable fluctuations, load variations,
battery state-of-charge (SoC) limits, device power constraints, and network voltage limits.
These coupled constraints can significantly narrow the feasible operating region of the
microgrid. Therefore, an online energy management strategy should not only reduce
operating cost and renewable curtailment but also maintain supply adequacy and executed-
action feasibility under network-related constraints [3].

1.1. Related Work

Model-based optimization methods, such as model predictive control (MPC) and
mixed-integer linear programming (MILP), have been widely used for constrained micro-
grid dispatch. Hu et al. [4] reviewed economic MPC approaches for microgrid optimization
and showed that MPC provides systematic receding-horizon decision-making with explicit
constraint handling. Liu et al. [5] developed a MILP-based distributed energy management
framework for networked microgrids considering network operational objectives and
constraints. Nguyen et al. [6] further incorporated BESS degradation and renewable-energy
uncertainty into microgrid optimal scheduling. Although these model-based approaches
provide interpretable solutions and structured constraint handling, their performance
depends on model fidelity and forecast accuracy, while repeated optimization may in-
crease computational burden when network constraints, storage dynamics, and multiple
operating objectives are considered. These limitations motivate the development of faster
feedback-based online dispatch methods.

Recent studies have also addressed distribution-level energy management and net-
work operation from multi-objective and multi-bus perspectives. Zeyad et al. [7] developed
a multi-objective home energy management and peer-to-peer energy trading framework for
a rooftop-PV-powered residential community, jointly coordinating PV generation, battery
storage, and flexible demand to improve renewable-energy utilization and reduce grid
dependence. Bais et al. [8] investigated data-driven faulty-line localization in the IEEE
30-bus system using a CNN-LSTM model, illustrating the application of learning-based
methods to network-aware monitoring in multi-bus power systems. Mohamed et al. [9]
formulated an optimal power flow problem for the IEEE 30-bus system and employed
an improved particle swarm optimization method to reduce generation fuel cost while
satisfying system operating constraints. These studies highlight the increasing importance
of coordinated energy management, bus-level network information, and power-flow con-
straints in modern distribution and power-system operation. However, their primary
focuses are respectively transactive residential energy management, fault localization, and
optimization-based power flow, rather than execution-time safety correction of hierarchical
learned dispatch actions.

Deep reinforcement learning (DRL) provides a promising alternative because it can
learn dispatch policies from interactions with uncertain operating environments and gener-
ate online actions with low computational cost after training. Lee et al. [10] developed a
DRL-based energy management architecture for microgrids and demonstrated the potential
of learning-based control for coordinating multiple energy resources. Guo et al. [11] inves-
tigated real-time microgrid energy management under renewable and load uncertainties,
highlighting the online decision-making capability of DRL. Domínguez-Barbero et al. [12]
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incorporated nonlinear battery losses into a DRL-based microgrid EMS to improve the rep-
resentation of battery operation. Nevertheless, these studies mainly focused on economic
dispatch, uncertainty handling, or battery-related modeling, while explicit execution-time
handling of network-constrained actions received less attention. More generally, standard
DRL policies do not inherently enforce physical constraints during exploration or deploy-
ment, which may result in infeasible battery-power commands, SoC violations, increased
load shedding, or voltage deviations in distribution-network microgrids.

To improve the operational feasibility of learning-based energy management, re-
cent studies have introduced explicit safety mechanisms into reinforcement learning.
Hao et al. [13] developed a Lyapunov-based safe reinforcement learning framework for
microgrid energy management to incorporate operational constraints into the learning
process. Wang et al. [14] proposed a physics-informed safe reinforcement learning approach
for secure energy management of multi-energy microgrids, while Yang et al. [15] further
investigated physics-shielded DRL for microgrid energy management with battery-health
considerations. These studies demonstrate the value of combining physical knowledge
or constraint-handling mechanisms with learned control policies. However, their safety
mechanisms are mainly associated with the output of a single decision policy, whereas the
execution-time feasibility of commands generated through hierarchical action coordination
has received less attention.

Hierarchical reinforcement learning provides another direction for reducing the com-
plexity of microgrid energy management by decomposing the control problem across
different decision levels. Xia et al. [16] developed a hierarchical safe DRL method for
decentralized coordination of networked microgrids, demonstrating the potential of hierar-
chical decision structures for complex energy-management tasks. Xu et al. [17] proposed a
hierarchical trust-region multi-agent reinforcement learning framework for collaborative
optimization of multi-energy multi-microgrid systems. Nevertheless, these hierarchical
approaches mainly emphasize task decomposition and coordination among decision layers
or agents, while explicit safety projection of the fused hierarchical command before physical
execution remains insufficiently explored. Consequently, the coordinated integration of
two-timescale hierarchical action generation and execution-time safety projection under
battery and distribution-network constraints remains an open issue.

Overall, the existing literature has established several important directions for mi-
crogrid energy management. Model-based approaches provide explicit and interpretable
constraint handling, but their online implementation may require repeated optimization
and reliable model or forecast information. DRL-based approaches improve online decision
efficiency, but standard learned policies do not inherently guarantee the feasibility of exe-
cuted actions. Safe DRL introduces explicit constraint-handling mechanisms, whereas most
existing studies apply such mechanisms to the output of a single policy. Hierarchical rein-
forcement learning improves task decomposition and coordination, but the feasibility of the
fused command generated by different decision layers has received comparatively limited
attention. Therefore, a remaining research gap lies in jointly coordinating two-timescale
hierarchical action generation with execution-time safety projection under both battery and
distribution-network constraints. The present study addresses this gap by combining a
discrete upper-level scheduling policy, a continuous lower-level refinement policy, and a
model-based safety filter applied to the fused command before execution.

1.2. Research Contributions

To address these issues, this paper develops a safety-filtered hierarchical reinforcement
learning framework that coordinates two-timescale action generation, state-dependent
execution-time projection, and projection-aware learning feedback for online energy man-
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agement of a network-constrained microgrid. The upper layer selects coarse battery operat-
ing modes for economic scheduling, while the lower layer generates bounded continuous
battery-power refinements for short-term regulation. Before execution, the fused battery
command is corrected by a lightweight model-based action-projection layer considering
device power bounds, tightened SoC limits, supply-priority rules, and voltage screening in
a 33-bus radial network surrogate. The correction magnitude is further used as a penalty
signal to discourage persistent reliance on projection-based fallback actions.

The main methodological contributions of this paper are summarized as follows.

1. A two-timescale discrete–continuous coordination mechanism is developed for battery
dispatch. The upper policy provides a slowly updated operating reference, while the
lower policy generates bounded step-wise power refinements without fully overriding
the upper-layer schedule.

2. A state-dependent execution-time projection mechanism is introduced for the fused
hierarchical command. Unlike fixed action clipping, the proposed mechanism jointly
screens battery power limits, tightened SoC bounds, supply-priority requirements,
and network-voltage constraints, and selects a minimum-violation fallback action
when the fully feasible set is empty.

3. A projection-aware learning mechanism is developed by incorporating the safety-
filter correction magnitude into the lower-layer feedback. Raw-policy actions and
executed actions are also separately monitored, allowing persistent dependence on
projection-based correction to be identified and discouraged.

The proposed framework is evaluated through fixed-test comparisons with MPC-
based, single-layer DRL, and safety-filter ablation baselines, with emphasis on operating
cost, supply adequacy, executed-action feasibility, and online decision time.

2. System Model and Problem Formulation
2.1. Network-Constrained Microgrid Model

Figure 1 shows the 33-bus radial microgrid adopted in this study. Bus 0 is the slack
bus, and buses 1–32 are active buses with distributed load allocation. PV generation is
assigned to buses 5, 11, 17, 23, 29, and 31, while wind generation is assigned to buses 8, 14,
24, and 30. The BESS and DG are connected to buses 18 and 25, respectively. This structure
moves beyond the common-bus approximation and provides a network-aware basis for
evaluating battery operation, diesel dispatch, renewable utilization, and voltage-related
operating constraints.

Figure 1. 33-bus radial microgrid used for network-constrained energy management.
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The available PV and wind power profiles are obtained from time-series data rather
than recalculated from detailed irradiance, temperature, or wind-speed conversion models.
At each time step t, the active-power balance is expressed as

Ppv,t + Pwt,t + Pdg,t − Pb,t + Pshed,t = PL,t + Ploss,t (1)

where Ppv,t, Pwt,t, and Pdg,t denote the utilized PV, wind, and diesel-generator powers,
respectively. Pb,t is the BESS power, where positive values indicate charging and negative
values indicate discharging. Therefore, charging reduces the power available to the load,
while discharging increases it. PL,t is the load demand, Ploss,t is the network loss proxy, and
Pshed,t is a non-negative slack variable representing unserved load.

The total available renewable generation is defined as the sum of the available PV and
wind power:

Pava
re,t = Pava

pv,t + Pava
wt,t (2)

The utilized PV and wind power are bounded by their available outputs:

0 ≤ Ppv,t ≤ Pava
pv,t, 0 ≤ Pwt,t ≤ Pava

wt,t (3)

Renewable curtailment is calculated as the difference between available renewable
generation and utilized renewable generation:

Pcur,t = Pava
re,t − Ppv,t − Pwt,t (4)

where Pcur,t denotes the curtailed renewable power at time step t. This formulation allows
the dispatch model to evaluate supply adequacy, renewable utilization, and network-aware
operating performance under the same dispatch framework.

2.2. Operating Constraints and Network Approximation

The diesel generator output is determined according to the residual demand after
renewable generation and battery action, subject to capacity and ramping limits. Its output
is constrained by

Pmin
dg ≤ Pdg,t ≤ Pmax

dg (5)

where Pmin
dg and Pmax

dg denote the minimum and maximum diesel-generator outputs, respec-
tively. The ramping behavior of the diesel generator is limited by

−Rdown
dg ≤ Pdg,t − Pdg,t−1 ≤ Rup

dg (6)

where Rdown
dg and Rup

dg denote the downward and upward ramping limits per time step. The
diesel-generation cost Cdg,t is calculated using a lightweight affine fuel-cost model.

The BESS charging and discharging power is constrained by

−Pdis,max
b ≤ Pb,t ≤ Pch,max

b (7)

where Pdis,max
b and Pch,max

b are the maximum discharging and charging powers, respectively.
According to the sign convention in this paper, Pb,t > 0 represents charging, while Pb,t < 0
represents discharging. The SoC dynamics of the BESS are described as

SoCt+1 = SoCt +
ηchmax(Pb,t, 0)∆t

Eb
−

max(−Pb,t, 0)∆t
ηdisEb

(8)
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where Eb is the battery energy capacity, ηch and ηdis are the charging and discharging
efficiencies, respectively, and ∆t = 1 h is the sampling interval adopted in this study. The
SoC is constrained within its lower and upper bounds:

SoCmin ≤ SoCt ≤ SoCmax (9)

A lightweight nonlinear battery-degradation surrogate is adopted to account for the
combined effects of battery throughput, SoC swing, C-rate, and operation away from the
mid-SoC region. The normalized throughput, SoC swing, C-rate proxy, and mid-SoC stress
are respectively defined as:

ϕt =
|Pb(t)|∆t

Eb
(10)

dt =|Soc(t + 1)− SoC(t)| (11)

ct =
|Pb(t)|

Eb
(12)

st = |Soc(t) + SoC(t + 1)
2

− 0.5| (13)

The battery degradation cost is then calculated as:

Cdeg(t) = cbϕt[1 + αdd1.3
t + αcc1.2

t + αss1.1
t ] (14)

where cb = 5.0, αd = 2.0, αc = 1.5, and αs = 0.8. The sampling interval is ∆t = 1 h in this
study. The resulting degradation cost Cdeg(t) is directly subtracted from the upper-layer
reward with a unit weighting coefficient. Consequently, although the normalized through-
put ϕt and the C-rate proxy are numerically equal under the adopted hourly resolution,
they represent different physical aspects of battery operation and enter the degradation
surrogate with different nonlinear exponents and weighting coefficients. This degradation-
aware formulation is consistent with battery-aging studies showing that battery life loss is
closely related to operating profiles and cycling patterns [18]. The surrogate is intended
to discourage aggressive battery operation while remaining computationally lightweight
rather than reproducing a detailed electrochemical aging process.

To include network-related operating effects, the 33-bus feeder is represented by a
linearized radial-network approximation. Radial distribution-network and branch-flow
models have been widely used to describe voltage-drop and branch-flow relationships in
distribution-level optimization problems [19,20]. For each active bus i, the net demand is
defined as

Pnet,i,t = PL,i,t − Ppv,i,t − Pwt,i,t − Pdg,i,t + Pb,i,t (15)

where positive Pnet,i,t denotes net demand at bus i, while negative Pnet,i,t denotes net
injection. The branch flow is accumulated from downstream buses as

Fi,t = Pnet,i,t + ∑j∈c(i) Fj,t (16)

where c(i) denotes the set of child buses of bus i. The predicted voltage of each bus is
calculated by

Vpred
i,t = Vpred

π(i),t − ρiFi,t (17)

where π(i) is the parent bus of bus i, and ρi is the equivalent resistance-related coefficient
of the corresponding branch. To capture distribution-level voltage quality, the soft voltage
operating band is imposed as

Vso f t,min ≤ Vpred
i,t ≤ Vso f t,max (18)
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Voltage deviations outside this soft band are penalized in the objective function, while
hard-band violations are reported as evaluation metrics. The line-loss proxy is calculated
from the branch-flow magnitude:

Ploss,t = κloss∑i F2
i,t (19)

where κloss is the loss weighting coefficient. The linearized radial-network model is adopted
as a computationally efficient surrogate for online action screening. In the proposed con-
troller, the safety filter may evaluate multiple candidate battery commands at each decision
step; therefore, repeatedly solving a nonlinear AC power-flow problem would substantially
increase the online computational burden. Compared with a common-bus representa-
tion, the adopted 33-bus surrogate retains the radial feeder topology, distributed power
injections, branch-flow accumulation, and bus-dependent voltage variations, thereby pro-
viding a network-aware basis for action evaluation. Moreover, all controllers are evaluated
using the same network model and operating conditions to ensure consistent compar-
isons. The approximation error may become more pronounced under severe supply-deficit
or load-shedding conditions, where the operating point can deviate substantially from
nominal conditions. The resulting voltage metrics are therefore interpreted as surrogate-
based screening indicators rather than exact nonlinear AC power-flow solutions. Similar
surrogate-based formulations have been adopted in microgrid energy management to
balance network awareness and computational efficiency [21,22].

2.3. Dispatch Objective

The objective of microgrid energy management is to minimize the expected operating
cost over the dispatch horizon while maintaining supply adequacy, battery feasibility, and
voltage quality. The total operating cost consists of diesel-generation cost, load-shedding
penalty, renewable-curtailment penalty, battery degradation cost, line-loss-related cost, and
voltage-violation penalty. Therefore, the dispatch objective is formulated as

minJ = E[∑T
t=1(Cdg,t + Cshed,t + Ccur,t + Cdeg,t + Closs,t + Cv,t)] (20)

where Cdg,t is the diesel-generation cost, Cshed,t is the load-shedding penalty, Ccur,t is the
renewable-curtailment penalty, Cdeg,t is the battery degradation cost, Closs,t is the line-loss-
related cost, and Cv,t is the voltage-violation penalty.

All economic terms are expressed in normalized cost units (c.u.) defined by the
simulation cost function. The unit c.u. is not intended to represent a specific national
currency, because this study uses synthetic operating-cost coefficients rather than location-
specific market tariffs. For readability, total operating costs are reported in k c.u. (where
1 k c.u. = 1000 c.u.). All cost components, including diesel-generation, unserved-energy,
curtailment, line-loss-related, voltage-violation, and battery-degradation penalties, use the
same cost-unit definition.

In this objective, the load-shedding penalty reflects supply adequacy, the renewable-
curtailment penalty reflects renewable-energy utilization, the battery degradation cost
discourages excessive cycling, and the voltage-violation penalty encourages operation
within the network voltage limits. This objective provides the system-level basis for the
reward design of the proposed hierarchical reinforcement learning controller.

3. Safety-Filtered Hierarchical PPO-TD3
To address the coupling between economic scheduling and operational safety in

network-constrained microgrid dispatch, a safety-filtered hierarchical PPO-TD3 framework
is developed, as shown in Figure 2. The proposed controller decomposes the BESS dispatch
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decision into two layers. The upper PPO layer selects a coarse battery operating mode
for long-horizon economic scheduling, while the lower TD3 layer generates a bounded
continuous power refinement for short-term SoC and voltage regulation. Before execution,
the fused BESS command is corrected by a model-based action-projection layer considering
battery power limits, tightened SoC bounds, supply-priority rules, and voltage screening
under the radial-network surrogate. This design is consistent with recent safe DRL studies
in energy management, where safety-aware constraint handling is introduced to improve
operational feasibility before execution [23]. Unlike single-policy safety correction, the
proposed filter is applied to the fused command generated by the two hierarchical decision
layers, thereby serving as an execution interface between learned dispatch decisions and
physical operating constraints.

Figure 2. Structure of the safety-filtered hierarchical PPO-TD3 controller.

3.1. Hierarchical Action Generation

At each macro decision step k, the upper PPO policy selects a normalized battery
operating mode uk from the predefined discrete set U = {−1, −0.5, 0, 0.5, 1}.

PU
b,k = ukPrated

b (21)

where Prated
b = 5 kW is the rated BESS charging and discharging power. The selected

upper-layer action is held for K = 2 environment steps, allowing the upper layer to focus
on slower economic scheduling rather than step-wise corrective regulation.

At each environment step t, the lower layer is implemented using TD3, an off-policy
actor–critic algorithm that employs twin critics and delayed policy updates to reduce
overestimation bias [24,25]. The TD3 policy outputs a normalized continuous action
aL

t ∈ [−1, 1], which is converted into a bounded battery-power offset according to

∆PL
b,t = σaL

t Prated
b (22)

where σ = 0.10 is the dimensionless lower-layer offset coefficient. Therefore, the lower
layer can adjust the upper-layer reference within [−0.5,0.5] kW. This coefficient is fixed
across all training seeds and test days to restrict the lower layer to local regulation and
prevent it from completely overriding the upper-layer operating mode.
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The fused BESS command before safety filtering is then obtained as

Praw
b,t = PU

b,k + ∆PL
b,t, kK ≤ t ≤ (k + 1)K (23)

Following the action-fusion step, the raw command Praw
b,t is hard-clipped to the physical

BESS power range [−Pdis,max
b , Pch,max

b ]. The resulting clipped command is then passed
to the safety filter for state-dependent projection considering the tightened SoC bounds,
supply-priority rule, and voltage-screening constraints.

This two-timescale action structure allows the upper layer to determine the coarse
battery operating direction, while the lower layer performs bounded step-wise refinement
around the upper-layer reference.

The upper-layer observation includes load, renewable generation, SoC margin, voltage
deviation, available DG capacity, deficit/surplus indicators, and time information. The
lower-layer observation emphasizes short-term SoC margin, voltage deviation, and the
upper-layer battery reference. The upper reward mainly reflects economic terms, including
diesel generation, load shedding, renewable curtailment, and battery cycling cost. The
lower reward emphasizes voltage quality, SoC safety, alignment with the upper-layer
reference, and reduced reliance on safety-filter correction.

3.2. Safety-Filtered Action Projection

The safety filter is placed between the learned policy and the microgrid environment.
Different from pure penalty-based constraint handling, this layer directly modifies the
candidate action before execution. The fused command is first clipped to the physical
BESS power range. A state-dependent admissible interval It =

[
Pmin

b,t , Pmax
b,t

]
is then con-

structed according to the BESS power limits, the tightened SoC interval [0.12,0.88], and
the supply-priority rule that prevents additional charging-induced power shortages. This
execution-time correction mechanism is related to safety-layer-based action projection in
safe reinforcement learning [26].

Within this interval, the filter generates 121 equally spaced candidate actions:

ct = linspace(Pmin
b,t , Pmax

b,t , 121) (24)

Each candidate is evaluated using the noise-free radial-network surrogate. The voltage-
feasible candidate set is defined as

Ft = {p ∈ ct : V̂min
t (p) ≥ VSF

min, V̂max
t (p) ≤ VSF

max} (25)

where the effective voltage-screening limits are VSF
min = 0.9745 p.u. and VSF

max = 1.0255 p.u.
under the validation and test settings.

Let P0
b,t denote the raw command after physical-power, SoC, and supply-priority

clipping. The executed command is selected according to

Pexec
b,t =


P0

b,t, P0
b,t satis f ies the limits,

argmin
p∈Ft

|p − P0
b,t|, Ft ̸= ∅,

lexargmin
p∈ct

(Jv,t(p), |p − P0
b,t|), Ft = ∅,

(26)

The voltage-violation score Jv,t(p) is defined as

Jv,t(p) = max(0, VSF
min − V̂min

t (p) + max(0, V̂max
t (p)− VSF

max)) (27)
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where Jv,t(p) is the voltage-violation score. The lexicographic rule first minimizes the
voltage violation and then selects the action closest to the clipped policy command when
multiple candidates have the same violation score.

The safety-filter correction magnitude is recorded as

∆PSF
t = |Pexec

b,t − P0
b,t| (28)

This correction magnitude is included in the lower-layer feedback to discourage
persistent reliance on execution-time correction. Therefore, the filter not only improves
executed-action feasibility but also encourages the learned policy to generate commands
closer to the admissible region.

3.3. Training and Online Execution

Training follows the hierarchical decision structure. At macro decision points, the
upper PPO layer selects a discrete battery operating mode and keeps the corresponding
baseline power fixed within the macro interval. At each environment step, the lower TD3
layer generates a continuous offset around this baseline. The fused raw command is then
passed through the safety filter before being applied to the microgrid environment.

The upper layer is updated using macro-step trajectories with aggregated economic
returns, while the lower layer is trained from step-wise transition samples with safety-
oriented feedback. The safety-filter correction magnitude, raw-command violation indica-
tors, and executed-action feasibility indicators are recorded during training and evaluation.
In the final setting, fixed inter-layer coordination is adopted, where the lower-layer offset
scale and alignment strength are kept constant to prevent the lower layer from excessively
overriding the upper-layer schedule.

To improve generalization, domain randomization is applied to exogenous load and
renewable profiles during training. Specifically, during training, the load scaling factor is
independently sampled from a uniform distribution over [0.95, 1.05], corresponding to a
±5% variation, while the renewable-generation scaling factor is sampled from [0.90, 1.10],
corresponding to a ±10% variation. The same renewable scaling factor is applied to both PV
and wind generation at each time step. Validation and test profiles are kept fixed without
domain randomization. During online execution, the trained controller only requires the
current state as input and produces the safety-filtered BESS command through the sequence:
upper-layer mode selection, lower-layer offset generation, action fusion, safety projection,
and environment execution.

4. Results and Discussion
4.1. Experimental Setup

The proposed method was evaluated on the radial network-constrained microgrid
described in Section 2. The microgrid includes PV units, wind turbines, a diesel generator,
a BESS, and distributed loads assigned to a 33-bus radial feeder. Therefore, dispatch
performance was evaluated using both system-level operating indicators and network-
aware indicators, including bus-voltage deviations and line-loss-related effects under the
adopted linearized radial-network surrogate.

Figure 3 illustrates the dispatch components of a representative held-out test day.
The black line denotes the load demand, and the stacked bars show PV generation, wind
generation, diesel generation and BESS discharge. Negative bars indicate BESS charging,
while red bars denote unserved energy. This profile provides an intuitive view of the
dispatch task considered in the experiments, where intermittent renewable generation,
diesel backup and battery operation must be coordinated under time-varying demand.
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Figure 3. Representative held-out test-day dispatch components.

Each episode represents a 24-step daily dispatch cycle, with a one-hour time step
(∆t = 1 h). The dataset was split chronologically into training, validation, and test subsets
to avoid temporal leakage. The DRL controllers were trained for five random seeds. For
each seed, the checkpoint with the lowest validation cost was selected and evaluated
without further training or parameter updates on the same 62 chronologically held-out
test days, corresponding to 1488 hourly decision steps. During training, load profiles
were randomly scaled within 0.95–1.05 and renewable-generation profiles within 0.90–1.10,
whereas the validation and test profiles were kept fixed. The main system, simulation, and
controller parameters used in the experiments are summarized in Table 1.

Table 1. Key experimental and system settings.

Parameter Value

Network configuration 33-bus radial distribution network
BESS configuration 20 kWh capacity; ±5 kW power limit; SoC range: 0.10–0.90
DG configuration 6 kW rated power; 2 kW/step ramp limit

Simulation resolution 1 h per step; 24 steps per daily episode

Safety-filter setting Tightened SoC interval: 0.12–0.88; discrete candidate-based
action projection

Training protocol five independent random seeds; train/validation/test split

MPC-Lite baseline Short-horizon receding optimization with persistence
forecasting

Safety-filter candidates 121 equally spaced candidate actions per decision step
Voltage limits Hard band: 0.95–1.05 p.u.; SF band: 0.9745–1.0255 p.u.

Domain randomization Load scaling: 0.95–1.05; renewable scaling: 0.90–1.10
(training)

The proposed controller was compared with four baselines. The first baseline is MPC-
Lite, a rolling-horizon MPC controller using persistence forecasts [27]. The second baseline
is a hierarchical PPO–TD3 controller without the safety filter, which is included in the
main comparative evaluation as a representative no-projection hierarchical baseline. The
third baseline is a single-layer TD3 controller with the same safety filter, which is used to
evaluate the effect of hierarchical action decomposition. The fourth baseline is a hierarchical
PPO–DQN controller with the same safety filter. This variant retains the upper-level PPO
scheduling layer and the safety-filtered execution mechanism but replaces the lower-level
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TD3 controller with a DQN-based controller. It is included as a representative alternative
hierarchical design to examine whether the observed performance depends specifically on
the TD3 lower-level controller. All methods were evaluated using the same fixed 62-day
test block, initial conditions, cost function, and network-aware evaluation metrics.

4.2. Main Online Dispatch Performance

Figure 4 and Table 2 summarize the fixed-test online dispatch results over five random
seeds and 62 held-out test days. The proposed Hier. PPO–TD3 + SF controller achieved
a mean total operating cost of 686.31 k c.u., compared with 1003.66 k c.u. for MPC-Lite,
848.27 k c.u. for the hierarchical PPO–TD3 controller without the safety filter, 717.05 k c.u.
for the single-layer TD3 controller with the safety filter, and 698.47 k c.u. for the hierarchical
PPO–DQN controller with the safety filter. Accordingly, the proposed controller reduced
total cost by 31.6% relative to MPC-Lite, 19.1% relative to the no-safety hierarchy, 4.3%
relative to the single-layer TD3 controller, and 1.7% relative to the PPO–DQN hierarchy.

Figure 4. Fixed-test online dispatch comparison. (a) Total operating cost; (b) Unserved energy;
(c) Hard-voltage violation rate; (d) Online decision time; (e) Relative performance improvements of
the proposed controller.

The proposed controller also reduced unserved energy to 1052.14 kWh, compared with
1743.25 kWh for MPC-Lite. This corresponds to a 39.6% reduction relative to MPC-Lite.
The reductions relative to the no-safety hierarchy, single-layer TD3 + SF, and hierarchical
PPO–DQN + SF were 25.6%, 6.8%, and 3.1%, respectively. The average online decision time
of the proposed controller was 43.55 ms/step, compared with 180.21 ms/step for MPC-Lite,
corresponding to an approximately 4.14-fold speed advantage over MPC-Lite.
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Table 2. Fixed-test online dispatch comparison over five seeds and 62 held-out days.

Method Total Cost (k c.u.) Unserved
Energy (kWh)

Hard Voltage
Violation (%)

Executed SoC
Violation (%)

Decision Time
(ms/Step)

MPC-Lite 1003.66 ± 0.89 1743.25 ± 1.80 24.37 ± 0.64 0.00 ± 0.00 180.21 ± 3.76
Hier. PPO-TD3 848.27 ± 43.71 1414.97 ± 89.60 22.46 ± 1.27 0.52 ± 1.06 9.50 ± 1.20
Single TD3 + SF 717.05 ± 11.94 1128.97 ± 31.97 19.46 ± 0.19 0.00 ± 0.00 62.20 ± 3.21

Hier. PPO–DQN + SF 698.47 ± 21.95 1085.55 ± 51.79 19.37 ± 0.22 0.00 ± 0.00 65.36 ± 5.86
Hier. PPO-TD3 + SF

(Proposed) 686.31 ± 18.30 1052.14 ± 42.15 19.46 ± 0.29 0.00 ± 0.00 43.55 ± 3.36

The no-safety hierarchical controller remained the fastest method, with an average
decision time of 9.50 ms/step, because it does not perform safety projection. Nevertheless,
the proposed controller was faster than the single-layer TD3 + SF and hierarchical PPO–
DQN + SF baselines. Compared with the single-layer TD3 + SF controller, the proposed
method achieved lower cost and unserved energy while maintaining the same executed
SoC violation rate of zero. The hard-voltage violation rates of the proposed PPO–TD3 + SF
and PPO–DQN + SF controllers were comparable, although the PPO–DQN variant showed
a marginally lower value. These results indicate a framework-level safety–economy–
computation trade-off.

To assess whether the aggregate performance advantage was driven by a single
random initialization, Table 3 reports the seed-wise total operating costs and relative
improvements for the proposed controller and MPC-Lite. Across all five seeds, the pro-
posed controller reduced total operating cost by 29.2–34.0%, with a mean improvement of
31.6 ± 1.8%. This consistent seed-wise improvement indicates that the reported advantage
was not determined by a single favorable initialization.

Table 3. Seed-wise total operating cost comparison over five random seeds and 62 held-out test days.

Seed Proposed Cost (k c.u.) MPC-Lite Cost (k c.u.) Relative
Improvement

42 663.14 1004.79 34.0%
2024 680.78 1002.53 32.1%
2026 711.06 1004.27 29.2%
3407 679.59 1003.56 32.3%
5200 697.00 1003.17 30.5%

Mean ± SD 686.31 ± 18.30 1003.66 ± 0.89 31.6 ± 1.8%

4.3. Ablation Analysis of the Safety Filter

To further isolate the contribution of the safety-filtered execution layer, a separate
paired ablation was conducted using the PPO–TD3 implementation, as shown in Figure 5.
Over the same 62 held-out test days, adding the safety filter reduced the mean total
operating cost from 912.47 k c.u. to 686.31 k c.u., corresponding to a 24.8% reduction.
Unserved energy decreased from 1545.98 kWh to 1052.14 kWh, while the hard-voltage
violation rate decreased from 25.31% to 19.46%. The paired seed-level results in Figure 5a–c
show that these improvements were observed consistently across the five random seeds.

The raw-policy and executed-action metrics in Figure 5d–f further clarify the source
of the safety improvement. Under the safety-filtered controller, the raw SoC violation
rate was 7.92%, whereas the executed SoC violation rate was 0.00%. Without the safety
filter, the executed SoC violation rate was 0.40%. These results show that the learned
policy should not be described as intrinsically safe in every state. Instead, the action-
projection layer transforms infeasible candidate commands into feasible executed actions
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before implementation. The filter was active in 85.09% of the evaluated steps, with a mean
correction magnitude of 2.19 kW.

Figure 5. Safety-filter ablation. (a) Total operating cost; (b) Unserved energy; (c) Hard-voltage
violation rate; (d) Raw and executed SoC-violation rates; (e) Intervention rate. (f) mean correc-
tion magnitude.

These results support the claim that the proposed framework improves executed-
action feasibility through safety-filtered execution. The safety filter should therefore be
interpreted as a model-based safety-screening mechanism rather than a formal certificate
of closed-loop safety. The raw policy can still generate infeasible commands, while the exe-
cuted command is corrected before implementation. Although the safety filter substantially
reduces voltage and SoC risk, it does not eliminate all hard-voltage violations.

4.4. Representative Dispatch Behavior, Discussion, and Limitations

Figure 6 illustrates a representative held-out test-day dispatch profile. Compared with
MPC-Lite and the no-safety hierarchical policy, the safety-filtered controllers use the BESS
more actively during high-demand periods, reducing unserved energy while maintaining
executed SoC feasibility. The proposed controller also shows frequent but bounded safety-
filter intervention, indicating that the projection layer is an active execution-time safety
mechanism rather than a negligible correction. The voltage envelope is mostly maintained
within the hard operating band, with occasional excursions consistent with the aggregate
voltage-violation statistics reported in Table 2.

Overall, the comparative results demonstrate that the proposed Hier. PPO-TD3 + SF
framework achieves a favorable balance among economic performance, supply adequacy,
operational feasibility, and online computational efficiency. Compared with MPC-Lite, the
proposed controller reduces total operating cost and unserved energy while substantially
shortening the online decision time. Compared with the hierarchical PPO-TD3 controller
without the safety filter, the proposed method further improves both economic performance
and executed-action feasibility, confirming the contribution of the safety-filtered projection
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mechanism. Relative to the single-layer TD3 + SF controller, the proposed hierarchical
structure achieves lower operating cost and unserved energy under the same safety-filtered
execution setting. In addition, compared with the hierarchical PPO-DQN + SF variant, the
proposed PPO-TD3 + SF framework provides slightly better economic and supply-adequacy
performance while maintaining comparable voltage-related performance. These results
indicate that the performance improvement is mainly associated with the coordinated
contribution of hierarchical action decomposition and execution-time safety projection.

Figure 6. Representative held-out test-day controller behavior. (a) Load and renewable-generation
profiles; (b) BESS power trajectories; (c) State-of-charge trajectories; (d) Unserved-energy profiles;
(e) Voltage envelope. (f) Safety-filter correction magnitude.

5. Conclusions
This paper proposed a safety-filtered hierarchical PPO-TD3 framework for online en-

ergy management of renewable-rich microgrids under network constraints. The upper PPO
layer selects coarse battery operating modes for long-horizon economic scheduling, while
the lower TD3 layer generates bounded continuous battery-power refinements for short-
term regulation. Before execution, the fused BESS command is corrected by a lightweight
model-based action-projection layer considering device power limits, tightened SoC bounds,
supply-priority rules, and voltage screening under a 33-bus radial-network surrogate.

https://doi.org/10.3390/su18168604

https://doi.org/10.3390/su18168604


Sustainability 2026, 18, 8604 16 of 18

Fixed-test simulations over five random seeds and 62 chronologically held-out test
days show that the proposed controller improves the online safety–economy–computation
trade-off under the adopted evaluation protocol. Relative to MPC-Lite, the proposed
controller reduced total operating cost by 31.6%, unserved energy by 39.6%, and average
decision time from 180.21 to 43.55 ms per step. The expanded comparison with hierarchical
PPO–DQN + SF and single-layer TD3 + SF showed that the proposed PPO–TD3 + SF
achieved the lowest mean cost and unserved energy among the evaluated controllers
while maintaining zero executed SoC violations. The separate paired safety-filter ablation
further demonstrates that the action-projection layer is an active contributor to reliable
operation: it converts unsafe candidate commands into feasible executed actions, reduces
hard-voltage violation exposure, and eliminates executed SoC violations in the evaluated
cases. Taken together, the 62-day evaluation shows that the proposed PPO–TD3 hierarchy
with safety-filtered execution offers an effective, computationally practical, and consistent
framework for renewable-rich distribution-network dispatch.

From a sustainability perspective, the proposed framework supports the reliable and
efficient operation of renewable-rich microgrids. The reductions in operating cost and
unserved energy contribute to economic efficiency and supply reliability, while the safety-
filtered execution mechanism improves operational feasibility under battery and network
constraints. In addition, the coordinated management of renewable generation, battery stor-
age, and dispatchable backup resources provides a practical basis for integrating variable
renewable energy while maintaining operational security. Together, these improvements
support operational resilience and provide a practical basis for more sustainable microgrid
energy management.

Several limitations should be noted. First, the voltage model used in this study is
a linearized radial-network surrogate rather than a full nonlinear AC power-flow solver.
Therefore, the reported voltage metrics are interpreted as network-aware screening indica-
tors under the adopted approximation. Second, although renewable-profile randomization
is introduced during training to improve exposure to operating variability, the influence of
explicitly modeled renewable forecast errors has not been separately isolated in the present
evaluation. A more systematic analysis under different forecast-error levels would provide
further insight into the robustness of the proposed controller. Third, the current numerical
evaluation is conducted on a 33-bus radial feeder. The proposed framework itself is not
restricted to this network size; however, larger networks may increase the computational
effort associated with repeated voltage screening in the safety filter. Evaluating this compu-
tational trade-off on larger distribution systems is therefore an important extension. Finally,
the battery degradation model is represented by a lightweight surrogate, and higher-fidelity
battery and power-flow models can be incorporated in future studies.
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The following abbreviations are used in this manuscript:

AC Alternating current
BESS Battery energy storage system
DG Diesel generator
DRL Deep reinforcement learning
MILP Mixed-integer linear programming
MPC Model predictive control
DQN Deep Q-network
PPO Proximal policy optimization
PPO-TD3 Proximal policy optimization and twin delayed deep deterministic policy gradient
PV Photovoltaic
SF Safety filter
SoC State of charge
TD3 Twin delayed deep deterministic policy gradient
WT Wind turbine
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