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Abstract

The increasing integration of renewable energy and energy storage systems presents chal-
lenges for microgrid scheduling under uncertain operating conditions and multiple opera-
tional constraints. Conventional reinforcement learning methods may generate infeasible
actions, while direct safety clipping can create inconsistencies between policy outputs and
executed actions, affecting learning efficiency and scheduling performance. To address
these issues, this paper proposes a constraint-guided safety-correction soft actor–critic
(CGSC-SAC) algorithm for microgrid energy storage scheduling with a view to virtual
power plant applications. The proposed method integrates executed-action replay, critic
action clipping, and a correction-guided actor loss to incorporate operational constraints
into policy learning and reduce the discrepancy between generated and feasible actions.
Comparative experiments, ablation studies, and robustness tests are conducted in a grid-
connected photovoltaic–battery system. The results show that CGSC-SAC improves the
mean reward from −116.358 to −114.091 and reduces cumulative safety correction by
67.9% compared with Safe-Clip-SAC. Under supply shortages and renewable-energy sur-
plus conditions, safety correction is reduced by 64.7–68.4% and 59.3–64.5%, respectively.
Furthermore, an extended IEEE 33-bus case is investigated to evaluate the applicability
of the proposed method in a multi-node microgrid. The results demonstrate compara-
ble load satisfaction and no battery state-of-charge violations across the tested scenarios,
with computational efficiency suitable for hourly scheduling. These findings indicate that
CGSC-SAC improves constraint-aware energy storage scheduling and provides a potential
solution for local resource management in virtual power plant applications.

Keywords: virtual power plant; grid-connected microgrid; energy storage scheduling; safe
reinforcement learning; soft actor–critic; action correction

1. Introduction
This study examines local energy storage scheduling toward virtual power plant (VPP)

applications. We consider a grid-connected microgrid as a prospective resource unit and
focus on its internal battery control under changing operating conditions. The objective
is to improve local scheduling while respecting storage and grid exchange constraints.
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This application perspective motivates the study of resource-level control; aggregation and
supervisory coordination are reserved for subsequent development.

Conventional energy storage scheduling in microgrids primarily relies on model-
based optimization to balance operating economy and supply adequacy under storage
and grid exchange constraints. In photovoltaic (PV)–battery–utility grid systems [1–3],
current charging and discharging decisions change the energy available later. Fluctuating
PV output and demand introduce temporal coupling and operational uncertainty. Energy
management must therefore coordinate equipment constraints, generation and demand
forecasts, and energy allocation across time periods [4,5]. Grover-Silva et al. incorporated
PV and load uncertainties into stochastic optimal power flow for day-ahead scheduling
of flexible microgrid resources [6]. Kou et al. used distributed economic model predictive
control to coordinate energy exchanges among microgrids under uncertain generation and
demand [7]. For online scheduling, Lu et al. applied deep forecasting models to rolling
energy management in industrial microgrids [8]. Casagrande et al. further combined
recurrent neural networks with differentiable optimization for online end-to-end predictive
control [9]. These approaches explicitly address physical constraints and intertemporal
relationships. However, their dependence on operational models, forecast quality, and
online optimization creates challenges in model maintenance, forecast error handling, and
real-time computation under changing conditions.

Reinforcement learning learns observation-to-action mappings through environmen-
tal interaction, reducing dependence on explicit scheduling models and repeated online
optimization. It provides a data-driven approach to sequential storage decisions under
uncertainty. Reviews of power systems, demand response, and microgrids identify energy
management of batteries and other flexible resources as important applications. They
also highlight dependence on state representation, pricing mechanisms, and environ-
mental nonstationarity [10]. Zeng et al. combined approximate dynamic programming
with deep recurrent neural networks for real-time storage scheduling under operational
uncertainty [11]. Guo et al. formulated microgrid energy management as a Markov de-
cision process and applied proximal policy optimization to continuous state and action
spaces [12]. To accommodate more complex scheduling structures, Shuai et al. used branch-
ing dueling Q-networks to mitigate the combinatorial action problem associated with
multiple storage devices. Cui et al. coordinated networked microgrids through real-time
pricing and reinforcement learning, learning pricing policies without known response
models. Dorokhova et al. compared action space designs for electric vehicle charging with
PV generation. Gao et al. reduced the initial exploration burden by imitating scheduling
decisions from a mixed-integer linear programming solver. These studies broaden learning-
based scheduling through policy learning, action design, and improved training efficiency.
Nevertheless, conventional reinforcement learning primarily optimizes cumulative return
and does not directly guarantee compliance with physical constraints at every time step.
Policies may therefore issue commands that violate storage state-of-charge or power limits
during exploration or deployment.

Related studies extend learning-based dispatch to different storage and control set-
tings. Zhu et al. used a deep deterministic policy gradient for a hydrogen-storage microgrid,
incorporating electrolyzer efficiency into the operating model [13]. Ioannou et al. compared
Q-learning, deep Q-networks, proximal policy optimization, and the advantage actor–critic
algorithm for islanded-microgrid energy management across seasonal conditions [14].
Their evaluation considered unmet demand, storage imbalance, and computational run-
time alongside reward. More recently, Ioannou et al. combined a federated transformer
forecasting layer with a soft actor–critic controller for state-of-charge balancing across
battery storage units [15]. These studies broaden storage modeling, policy comparison, and
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predictive control. The present work focuses on how execution-time correction information
can guide the learning of raw storage actions.

Safe reinforcement learning incorporates operational limits by constraining policy
updates or correcting actions before execution. Previous studies have used operational
constraint gradients, constrained policy optimization, interior-point policy optimization,
and Lyapunov-based policy optimization. These methods balance operational returns and
safety requirements in networked microgrids and distribution networks [16–19]. Xia et al.
further incorporated safety models into training and online action monitoring for hier-
archical coordination [20]. Kang et al. combined a constrained Markov decision process
with a D3QN algorithm and a multi-stage reward mechanism for microgrid operation
under power-flow constraints [21]. Projection-based safety layers map raw policy actions
into the currently admissible set, directly connecting learned control to physical execution.
For one-dimensional storage power, Euclidean projection onto a closed interval reduces
to action clipping. Wabersich and Zeilinger proposed a predictive safety filter that eval-
uates learning-based control inputs and adjusts them when necessary [22]. Chen et al.
used physical shielding to replace unsafe actions in PV and battery voltage control [23].
Qiu et al. applied safe deep reinforcement learning to real-time multi-energy hub control.
Wang et al. developed a physics-informed safety layer using dynamic safety assessment to
correct actions under multi-energy microgrid constraints [24]. Paesschesoone et al. com-
bined predictive safety filtering, change-point detection, and policy updates to address
environmental changes in grid-connected PV–battery–load systems [25].

These studies provide a foundation for integrating safety layers with learning-based
control. For the local resource unit considered here, the remaining question is whether
execution-time correction can also improve the policy that produces storage commands.
However, execution-time projection does not imply that the raw policy has learned to
respect the admissible boundaries. When hard clipping is also used in value queries,
different out-of-interval actions map to the same boundary. The clipping derivative with
respect to the raw action is zero outside the interval. Consequently, the value gradient
transmitted through this path cannot reflect the magnitude of action deviation. A learning
mechanism that directly uses safety correction information is therefore needed.

Table 1 compares the five reinforcement learning algorithms evaluated in this
study [26–29]. Safe-Clip-SAC, Safe-Clip-PPO, and Safe-Clip-TD3 employ execution-time
action clipping. Lagrangian-SAC introduces an adaptive constraint penalty, whereas the
proposed CGSC-SAC further integrates executed-action replay, critic action clipping, and
an explicit correction loss to guide policy optimization.

Table 1. Qualitative comparison of safety strategies implemented in the evaluated reinforcement
learning algorithms.

Algorithm Ref. Execution Correction Executed-Action Rreplay Critic Action Clipping Deviation Loss

Safe-Clip-SAC [26] Yes No No No
Lagrangian-SAC [27] Yes No No Lagrangian

Safe-Clip-PPO [28] Yes N/A No No
Safe-Clip-TD3 [29] Yes No No No

CGSC-SAC (Ours) – Yes Yes Yes Squared

To address this issue, this study proposes constraint-guided safety-correction soft actor–
critic (CGSC-SAC) for local microgrid storage scheduling motivated by VPP applications.
Building on the SAC framework [26], the proposed method integrates three complementary
mechanisms. First, executed-action replay aligns stored actions with the physical state
transitions. Second, critic action clipping incorporates admissible action boundaries into
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value estimation. Third, an explicit correction loss guides raw policy outputs toward
admissible intervals during policy optimization.

1. A constraint interface connects learning and execution for local storage scheduling
within a microgrid resource unit. Storage energy, charging and discharging power,
and grid exchange limits define state-dependent action intervals using forecast and
real-time information, respectively. The scheduling model also includes load shedding
and a soft terminal energy penalty.

2. CGSC-SAC integrates executed-action replay, critic action clipping, and an action
correction loss. Admissible intervals enter value queries after replay actions are
aligned with executed power. An explicit correction loss supplies deviation gradients
that hard clipping lacks outside the interval, guiding the policy toward lower safety-
correction requirements.

3. A progressive evaluation distinguishes policy constraint adaptation from execution
safety. Representative-day analysis, component ablations, and supply-stress and
surplus-power distribution shifts jointly assess the reward, cost, raw-action violation
rate, cumulative correction, load shedding, and final-action violation rate. This
separates component contributions from the shared safety layer and defines the
method’s scope within the single-node storage scheduling model.

2. Microgrid Modeling and Scheduling Problem
2.1. System Configuration and Modeling Scope

For the intended VPP application, the modeled microgrid is considered a local resource
unit. The present model optimizes internal storage scheduling using local observations
and operating constraints. It includes no supervisory dispatch signal, coordination among
multiple resource units, or market bidding mechanism. Grid prices and exchange limits
are exogenous inputs rather than outputs of a VPP coordinator.

We consider a grid-connected microgrid comprising PV generation, battery storage,
electrical loads, and the utility grid, as illustrated in Figure 1. PV generation and grid
imports supply energy to meet demand, while storage shifts energy between time periods
through charging and discharging. Surplus power can be exported subject to the grid
export limit. The energy manager receives generation and demand forecasts, electricity
prices, storage states, and grid exchange limits and outputs a storage power command. A
safety layer corrects this command using current operating information, after which grid
exchange covers the remaining net demand. Load shedding is allowed when supply is
insufficient and is penalized in the operating cost.

Photovoltaics Battery storage Electrical load Utility grid

Microgrid bus

Charge/discharge Import/export

Load and PV forecasts
Tariff, SOC

Safe battery
dispatch

Power flow Information / control

CGSC-SAC
energy manager

Operating constraints
SOC limits

Battery power limits

Grid exchange limits

Figure 1. Local PV–battery–utility grid microgrid and energy management architecture considered
with the goal of VPP applications. Only the resource unit and its internal control are modeled.
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The scheduling horizon contains T = 24 periods, indexed by t = 0, . . . , T − 1, with
a duration of ∆t = 1 h. We use a single-node active-power model without line losses
and without explicit voltage, reactive-power, or distribution power-flow constraints. Ac-
cordingly, the grid strength, short-circuit ratio, voltage dynamics, and converter-level
electromagnetic behavior are not represented. The utility grid is modeled only through
exogenous import and export power limits; therefore, the present study does not assign
a numerical grid-strength index. The PV and battery interfaces are represented at the
energy-management level as active-power injections, without distinguishing grid-forming
from grid-following converter control. Such a distinction would require voltage- and
frequency-dynamic models beyond the present scheduling scope. PV generation and load
are exogenous time series. Storage power is the only continuous variable directly controlled
by the policy; grid exchange and load shedding follow from the power deficit and exchange
limits. Safety in this study refers only to storage energy, charging and discharging power,
and executed-action boundaries within this model. It does not guarantee compliance with
all electrical constraints or uninterrupted supply.

2.2. Storage Operation Model

Let Et denote stored energy at the beginning of period t, and let Ecap denote the
effective capacity for the current scheduling day. The state of charge (SOC) is defined as
xt = Et/Ecap. The executed storage power draw is denoted by Pb

t , with positive values
indicating discharging and negative values indicating charging. Defining [z]+ = max(z, 0),
the energy update is

Et+1 = Et + ηc[−Pb
t ]

+∆t− [Pb
t ]

+∆t
ηd

, (1)

where ηc and ηd are the charging and discharging efficiencies. A single signed power vari-
able excludes simultaneous charging and discharging within a period. Storage operation is
constrained by

−Pc
max ≤ Pb

t ≤ Pd
max, Emin ≤ Et ≤ Emax, (2)

where Emin = xminEcap and Emax = xmaxEcap. The experiments use fixed SOC limits of
xmin = 0.2 and xmax = 0.8. These fixed limits do not imply a fixed admissible power
interval, because available charging and discharging capabilities depend on current stored
energy. Equations (1) and (2) give

P̄c
t = min

(︃
Pc

max,
Emax − Et

ηc∆t

)︃
,

P̄d
t = min

(︃
Pd

max,
ηd(Et − Emin)

∆t

)︃
.

(3)

Equation (3) assumes Et ∈ [Emin, Emax], which is maintained by initialization and the
execution safety layer. Rated storage capacity is 300 kWh, while effective training capacity is
sampled daily from 285 to 300 kWh. This represents capacity variation. Battery usage cost is
approximated as proportional to energy throughput, without modeling electrochemical aging.

2.3. Grid Exchange and Supply–Demand Balance

Let PL
t and PPV

t denote actual load and PV output, respectively, and define net load as
Nt = PL

t − PPV
t . Grid exchange power Pg

t is positive for imports and negative for exports,
with limits

−Gexp
max ≤ Pg

t ≤ Gimp
t,max, (4)

where Gimp
t,max may vary with time and stress events, while Gexp

max is the scenario-specific
export limit. Without a supply–demand residual, power balance requires Pg

t + Pb
t = Nt.
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Combining Equations (3) and (4) gives the storage power interval satisfying both storage
and grid exchange constraints:

ℓt = max
(︂
−P̄c

t , Nt − Gimp
t,max

)︂
, ut = min

(︂
P̄d

t , Nt + Gexp
max

)︂
. (5)

If ℓt ≤ ut, any Pb
t ∈ [ℓt, ut] satisfies these constraints in the current period. If ℓt > ut,

their intersection is empty. Adjusting storage power alone can then no longer eliminate the
supply deficit or surplus while satisfying all constraints. To continue scheduling, the safety
layer collapses the operating interval to a singleton:

bfb
t = clip

(︂
Nt − Gimp

t,max,−P̄c
t , P̄d

t

)︂
,

ℓt = ut = bfb
t ,

(6)

where clip(z, l, u) = min(max(z, l), u). This fallback prioritizes the physical constraints of
storage itself. It does not restore the feasibility of the original supply–demand conditions.

For a given executed storage power draw, let the requested grid power be Qt =

Nt − Pb
t . The actual grid exchange and shed load are

Pg
t = clip(Qt,−Gexp

max, Gimp
t,max),

Pshed
t = [Qt − Gimp

t,max]
+.

(7)

To account for surplus when exports are saturated, define the unabsorbed surplus-
power residual as Psur

t = [−Gexp
max −Qt]+. The complete power accounting identity is

PPV
t + Pg

t + Pb
t + Pshed

t = PL
t + Psur

t . (8)

In the present single-node scheduling model, active power losses in distribution lines
are neglected. Accordingly, the line-loss term is assumed to be zero, i.e., Ploss

t = 0, and
the power balance is expressed by Equation (8). This simplification allows the scheduling
model to focus on energy storage operation and the enforcement of operational constraints
without explicitly modeling network power flow. The residual Psur

t accounts for power
remaining after grid power is clipped; it is not an additional curtailment command from
the policy. The simulation assigns no separate reward penalty to this residual. However,
the daily unabsorbed surplus energy is calculated as

Esur =
T−1

∑
t=0

Psur
t ∆t, (9)

where ∆t = 1 h in the present simulations. The resulting Esur is reported in kWh for each
method under the surplus-power scenarios. This metric distinguishes action-correction
performance from the utilization of available PV generation.

2.4. Operating Cost and Learning Objective

Operating cost comprises electricity purchases and sales, storage throughput cost, and
load-shedding cost:

Ct =
(︂

cbuy
t [Pg

t ]
+ − csell[−Pg

t ]
+ + cb|Pb

t |+ cshedPshed
t

)︂
∆t, (10)

where cbuy
t is the time-of-use purchase price and csell is the export price. The coefficients

cb and cshed represent storage throughput cost and load-shedding penalty, respectively.
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Purchase prices are generated from off-peak, shoulder, and peak base prices with small
random perturbations. System parameters are given in Table 2.

Let Praw
t denote the storage command before safety processing. The single-step correc-

tion magnitude is δt = |Pb
t − Praw

t |. To balance cost, correction requirements, and terminal
energy deviation, the environment reward is

rt = −
Ct + λsδt + I{t=T−1}λE|ET − E0|

κ
, (11)

where I is the indicator function. The correction penalty coefficient is λs = 0.10 per unit of
power correction, the terminal energy penalty coefficient is λE = 0.10, and κ = 10 scales the
reward. The terminal term is a soft penalty; the model imposes no hard constraint ET = E0.
The policy can therefore trade daily operating cost against terminal stored energy.

Table 2. Microgrid parameters and algorithm training settings.

Category Parameter Setting

Storage Rated capacity; maximum charge/discharge power 300 kWh; 100 kW each
Storage SOC range; charge/discharge efficiency 20–80%; 0.95 each
Grid and profiles Maximum import/export power 260/160 kW
Grid and profiles Base load; installed PV capacity 115/180 kW
Electricity price Off-peak/shoulder/peak purchase price 0.12/0.22/0.35 $/kWh
Electricity price Export price 0.06 $/kWh
Cost Storage throughput/load-shedding coefficient 0.012/3.0 $/kWh
Training Episodes; steps per episode 500; 24
Training Independent training seeds 42, 142, and 242
Training curves Moving-average window; uncertainty band 20 episodes; mean ± SD across seeds
SAC-based methods Hidden layers; learning rate 128× 128; 3× 10−4

SAC-based methods Replay capacity; learning starts 50,000; 500 steps
SAC-based methods Batch size; updates per environment step 128; 1
SAC-based methods Discount factor γ; target update coefficient τ 0.99; 0.005
CGSC-SAC Correction loss coefficient λcorr 1.0
Safe-Clip-PPO Hidden layers; learning rate 128× 128; 3× 10−4

Safe-Clip-PPO Rollout length; batch size; update epochs 24; 24; 10
Safe-Clip-PPO Discount factor γ; GAE coefficient 0.99; 0.95
Safe-Clip-PPO Clip range; entropy coefficient 0.20; 0.0
Lagrangian-SAC Initial multiplier; dual learning rate 0.10; 0.05
Lagrangian-SAC Normalized correction budget; maximum multiplier 0.05; 5.0

The policy learns scheduling behavior by maximizing expected discounted return,
E[∑T−1

t=0 γtrt], with additional SAC entropy regularization during training. The reported
daily cumulative reward is ∑t rt, the daily operating cost is ∑t Ct, the daily cumulative
correction energy is ∑t δt∆t, and the daily shed energy is ∑t Pshed

t ∆t. The cumulative
correction energy is obtained by integrating the hourly correction magnitude over time and
is reported in kWh. Since ∆t = 1 h in this study, its numerical value equals the sum of the
hourly correction magnitudes. Because reward includes correction and terminal penalties
in addition to cost, higher reward does not necessarily imply lower operating cost.

For each evaluation episode, the reported daily cumulative reward can equivalently
be written as

Rday = −
Cday + λsDcorr + λEDE

κ
, (12)

where Cday = ∑t Ct is the daily operating cost, Dcorr = ∑t |Pb
t − Praw

t |∆t is the daily
cumulative correction energy, and DE = |ET − E0| is the terminal energy deviation.
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2.5. Decision Information and Generation–Demand Uncertainty

We use a finite-horizon, observation-driven decision formulation. Let ˆ︁PL
t and ˆ︁PPV

t
denote current-period load and PV forecasts, with ˆ︁Nt = ˆ︁PL

t − ˆ︁PPV
t . Generation and demand

levels vary daily, and actual profiles are generated using multiplicative random errors.
Some scheduling days additionally include joint events with increased demand, reduced
PV output, and tighter import limits. The policy receives current-period forecasts and
boundary information, rather than the complete future 24 h sequence.

The policy input is the 14-dimensional observation vector

st =

[︄˜︁xt,
ˆ︁PL

t
250

,
ˆ︁PPV

t
PPV

cap
,
ˆ︁Nt

G0
,

cbuy
t
c0

,
csell

c0
, sin

2πt
24

, cos
2πt
24

,

xmin, xmax,
ˆ︁ℓt

P0
,
ˆ︁ut

P0
,

δt−1

P0
,

Gimp
t,max

G0

]︄
,

(13)

where PPV
cap = 180 kW, G0 = 260 kW, P0 = 100 kW, and c0 = 0.40 $/kWh. The load normal-

ization base is 250 kW. The observed SOC, ˜︁xt, includes noise with standard deviation 0.005
and is clipped to [0, 1]; initially, δ−1 = 0. The interval [ˆ︁ℓt, ˆ︁ut] follows Equations (5) and (6),
but with the actual net load Nt replaced by the forecast net load ˆ︁Nt. Interval calculations use
the simulator’s internal stored energy. SOC noise affects only the policy’s SOC observation,
and so internal energy estimation errors in the safety layer are not modeled.

The policy action at ∈ [−1, 1] maps to Praw
t = P0at. At execution, the safety layer

recomputes the interval using actual generation and demand and obtains Pb
t . The environ-

ment then updates stored energy and returns the reward. Observations contain forecast
errors and noise and do not fully expose the scenario generation parameters. Accord-
ingly, st is used as input to the policy and value networks without claiming a strictly fully
observable Markov representation.

Forecast errors can cause the observation-based interval used during learning to differ
from the real-time feasible interval used during execution. The correction loss may therefore
guide the raw policy toward a forecast-based boundary that is inaccurate at execution time.
Real-time clipping still enforces the modeled storage and grid-exchange limits, but a larger
interval mismatch can increase correction magnitude and reliance on the safety layer. The
present results consequently establish robustness only over the tested forecast-error ranges
and do not guarantee feasible raw actions under arbitrary prediction errors.

3. Constraint-Guided Safety-Correction Soft Actor–Critic
3.1. Overall Framework

The local scheduling controller, CGSC-SAC, builds on the off-policy maximum-entropy
framework of SAC, which combines stochastic policies, value estimation, and entropy regu-
larization to balance return optimization and exploration [26]. For storage scheduling with
safety clipping, CGSC-SAC retains execution-time Safe-Clip and introduces constraint infor-
mation into experience storage, value evaluation, and policy updates. Figure 2 summarizes
the framework.

The three components serve distinct purposes. Executed-action replay associates
buffer actions with the storage power physically applied to the environment. Critic action
clipping uses observation-based admissible actions in target computation and policy value
queries. The correction loss directly penalizes the distance between raw policy outputs
and the corresponding interval. All methods share the same execution safety layer; their
differences primarily concern learning.
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3.2. Real-Time Safety Clipping and Executed-Action Replay

For the real-time operating interval from Equations (5) and (6), define the normalized
clipping operator

Pt(a) = clip
(︃

a,
ℓt

P0
,

ut

P0

)︃
,

aexec
t = Pt(at), Pb

t = P0aexec
t .

(14)

For a nonempty interval, Equation (14) projects the raw action onto that closed interval,
yielding the nearest admissible action by Euclidean distance. If the supply–demand constraint
intersection is empty, the singleton fallback in Equation (6) is used. Grid exchange and load
shedding then follow Equation (7). The safety layer limits storage power before execution,
while load shedding caused by insufficient supply resources is accounted for separately.

ONLINE INTERACTION

Raw action  Executed
action 

Environment reward, 
next state

OFF-POLICY LEARNING

Actor

Microgrid

SOC · Battery power · Grid limits

Safety clip
State

Executed-action replay1

Twin critics

 

Fit  to TD targetClip policy actions
before critic
evaluation

Applies to both current
policy and next-state

policy actions.

2

Next-state Actor + clip
Target critics

Next state

TD target

Correction loss 

Actor update

Policy value

3

Figure 2. CGSC-SAC framework, including observation input, policy output, real-time safety clipping,
executed-action replay, critic updates, and correction-guided policy updates. The schematic uses asafe

generically for clipped actions; the text distinguishes real-time execution clipping from forecast-based
clipping during learning.

Safe-Clip-SAC stores the raw policy action even though corrected power generates the
state transition. CGSC-SAC instead stores the normalized executed action in replay buffer D:

(st, aexec
t , rt, st+1, dt) ∈ D, (15)

where dt indicates episode termination. This aligns replay actions with executed power but
does not eliminate the dependence of the reward on the raw action. The correction penalty
in Equation (11) still depends jointly on raw and executed actions. The critic therefore
learns a value approximation from sampled interactions. Executed-action replay is not
claimed to be a strictly equivalent reconstruction of the original decision process.

3.3. Critic Action Clipping Using Observation-Based Intervals

CGSC-SAC uses two critics, Qθ1 and Qθ2 , and corresponding target networks, Qθ̄1

and Qθ̄2
. Let πϕ denote the stochastic policy. Reparameterization gives the raw action

a = fϕ(s, ϵ), where ϵ is standard Gaussian noise and a hyperbolic tangent function limits
network outputs to [−1, 1]. During training, the forecast interval encoded in the observa-
tion defines
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ˆ︁P(s, a) = clip

(︄
a,
ˆ︁ℓ(s)
P0

,
ˆ︁u(s)
P0

)︄
. (16)

For a sampled next observation s′, draw a′ ∼ πϕ(· | s′) and set ˆ︁a′ = ˆ︁P(s′, a′). The
critic target is

y = r + γ(1− d)
[︃

min
j∈{1,2}

Qθ̄j
(s′,ˆ︁a′)− α log πϕ(a′ | s′)

]︃
, (17)

where α > 0 is the entropy temperature. The critics minimize

LQ =
1
2

2

∑
j=1

ED
[︃(︂

Qθj(s, aexec)− y
)︂2
]︃

. (18)

The current action in Equation (18) comes from the execution record. The next action in
Equation (17) is clipped using the forecast interval in the next observation. Newly sampled
actions are similarly clipped by Equation (16) before critic evaluation during policy updates.
Thus, “critic action clipping” refers to newly sampled actions in target and policy value
queries. It does not overwrite stored executed actions using forecast intervals.

Forecast and actual generation and demand may differ, and so ˆ︁P and Pt need not
coincide. The former provides constraint guidance computable from replay samples; the
latter enforces real-time execution constraints. The entropy log-probability remains that of the
raw stochastic policy. It is not interpreted as the log-probability of the distribution after hard
clipping.

3.4. Action Correction Loss and Policy Update

Clipping actions only during value queries can map different out-of-interval outputs
to the same boundary. For a fixed observation, hard clipping has zero derivative outside
the interval. The value gradient transmitted through the clipped action therefore cannot
directly reflect the distance from the raw output to the boundary. CGSC-SAC supplies this
information through a squared correction loss in normalized action space:

Lcorr = Es∼D,ϵ

[︃(︂
a− ˆ︁P(s, a)

)︂2
]︃

, a = fϕ(s, ϵ). (19)

The loss is zero inside the forecast interval and grows quadratically with the distance out-
side it. Away from nondifferentiable boundary points, its raw-action gradient is 2(a− ˆ︁P(s, a)),
providing an update signal toward the admissible interval. This mechanism penalizes devi-
ation magnitude instead of directly minimizing violation frequency. Reducing cumulative
correction and reducing the raw-action violation rate are therefore distinct evaluation objec-
tives.

The complete policy loss is

Lπ = Es∼D,ϵ

[︃
α log πϕ(a | s)− min

j∈{1,2}
Qθj

(︂
s, ˆ︁P(s, a)

)︂]︃
+ λcorrLcorr.

(20)

We set λcorr = 1.0. Its role differs from that of λs in Equation (11). The latter penalizes
absolute execution-time correction in kW through the environment reward and thereby
influences value learning. In contrast, λcorr directly penalizes normalized squared deviation
from the forecast interval in the policy loss. The training correction loss and test cumulative
safety correction thus differ in interval source, units, and aggregation.
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For a learnable entropy temperature, set β = log α and optimize

Lβ = −E
[︁
β sg

(︁
log πϕ(a | s) +Htar

)︁]︁
, (21)

where sg denotes the stop-gradient and the target entropy is Htar = −1 for the one-
dimensional action. Critic targets are softly updated as

θ̄j ← (1− τ)θ̄j + τθj, j = 1, 2. (22)

These components jointly address return, exploration, and action correction. The
hard safety layer remains the direct source of execution constraint enforcement. A zero
final-action violation rate cannot be attributed solely to the correction loss, nor does this
objective imply safety under arbitrary perturbations or global optimality.

3.5. Training Procedure and Evaluation Interface

Training generates daily scenarios and interacts with the environment hourly. Each
episode samples generation and demand profiles, initial SOC, and effective capacity. At
each step, Equation (13) constructs the observation and the policy outputs an action. The
execution safety layer then applies Equation (14) using real-time generation and demand.
After computing the storage transition, cost, correction, and reward, the environment stores
the tuple in Equation (15). The first 500 steps provide initial interaction samples. Thereafter,
one minibatch gradient update is performed per environment step, with batch size 128.
Both the actor and the critics have two hidden layers with 128 units each and a learning
rate of 3× 10−4. Other parameters appear in Table 2.

Algorithm 1 summarizes training and testing. The interaction counter n accumulates
across training episodes; the first N0 = 500 interactions use random actions, and gradient
updates begin with interaction N0 + 1.

Algorithm 1 CGSC-SAC training and execution procedure.
Require: M = 500 episodes; T = 24 periods; N0 = 500 initial steps; batch size B = 128.
Ensure: Trained policy πϕ.

1: Initialize policy, twin critics, target critics, entropy temperature, replay buffer D, and counter
n = 0.

2: for e = 1, . . . , M do
3: Sample a scheduling day; initialize storage and observation s0.
4: for t = 0, . . . , T− 1 do
5: Sample at randomly if n < N0; otherwise sample at ∼ πϕ(· | st).
6: Compute the real-time interval and execute aexec

t = Pt(at) using Equation (14).
7: Compute grid exchange, load shedding, storage transition, reward rt, and observation

st+1.
8: Set dt = I{t=T−1}; store (st, aexec

t , rt, st+1, dt) in D; increment n.
9: if n > N0 then

10: Sample B transitions from D and policy actions at their current and next observations.
11: Clip sampled actions to the corresponding forecast intervals using Equation (16).
12: Update entropy temperature using Equation (21) and twin critics using

Equations (17) and (18).
13: Compute the correction loss using Equation (19) and update the policy using Equa-

tion (20).
14: Softly update target critics using Equation (22).
15: end if
16: end for
17: end for

Testing
18: For each test day, execute deterministic policy actions over T periods with the same real-time

safety clipping and state updates.
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Progressive ablations correspond to the three components. Safe-Clip-SAC retains
raw-action replay without learning-time clipping or an additional correction loss. CGSC-A
uses executed-action replay only. CGSC-B additionally clips actions in target and policy
value queries. Full CGSC-SAC then adds Equation (19). These configurations correspond
directly to Table 3.

The raw-action violation rate is the fraction of periods in which raw actions lie outside
the real-time operating interval, with numerical tolerance 10−6. The final-action violation
rate checks whether executed power exceeds that interval or updated stored energy violates
its limits. Executed actions may pass this check under the singleton fallback in Equation (6)
even when load shedding or unabsorbed surplus remains. Reward, cost, cumulative cor-
rection, and shed energy are therefore reported together to distinguish policy performance,
constraint adaptation, and operational consequences of resource insufficiency.

Table 3. Ablation configurations and mean results obtained from the same 50 held-out test episodes
for each method. ER: executed-action replay; CC: critic action clipping; CL: correction loss. Bold
values mark the best result in each metric.

Method ER CC CL Mean Reward Operating Cost Raw Violation (%) Correction Energy
(kWh)

Shed Energy
(kWh)

Safe-Clip-SAC No No No −116.358 1056.238 68.2 985.424 161.238
CGSC-A Yes No No −118.790 1053.129 80.2 1259.696 159.371
CGSC-B Yes Yes No −116.973 1080.244 71.8 806.835 169.709

CGSC-SAC Yes Yes Yes −114.091 1100.488 73.5 316.198 176.703

4. Simulation Results and Analysis
4.1. Simulation Setup

We evaluated CGSC-SAC in a grid-connected microgrid simulation containing PV gen-
eration, storage, and the utility grid. All reported results were obtained from software-based
numerical simulations; no physical laboratory experiment, real-time simulator, controller-
hardware-in-the-loop platform, or power-hardware-in-the-loop platform was used. Figure
1 summarizes the simulated system architecture and the information exchanged between
the energy manager, storage unit, load, PV generation, and utility grid. The scheduling
horizon was 24 h with hourly decisions. Table 2 summarizes the system and training
parameters. The experiments examined dispatch feasibility, component contributions,
and adaptation to distribution shifts. Representative-day analysis assessed charging and
discharging, grid exchange, and SOC. Progressive ablations evaluated executed-action
replay, critic action clipping, and the correction loss. Supply-stress and surplus-power
scenarios then tested policy performance under graded perturbations, as specified in Ta-
ble 4 in Section 4.4. Safe-Clip-SAC and Safe-Clip-PPO served as baselines with the same
safety clipping mechanism. Training behavior was evaluated over 500 episodes using
three independent seeds (42, 142, and 242). The curves show the across-seed mean of the
20-episode moving-average reward, with shaded regions indicating one standard deviation
across seeds. Each test scenario was independently evaluated over 50 test days. The
retained policy for each method was evaluated on the same set of 50 held-out test days.
The mean reward, operating cost, raw-action violation rate, cumulative safety correction,
shed energy, and final-action violation rate reported in Table 3 were all calculated from
these same test episodes. The rewards shown in Figures 3 is training-episode rewards,
whereas the mean reward reported in Table 3 is the mean daily cumulative reward obtained
during independent policy evaluation. The cumulative reward, operating cost, raw-action
violation rate, cumulative safety correction, shed energy, unabsorbed surplus energy, and
final-action violation rate jointly assessed overall return, constraint adaptation, energy
utilization, and execution safety. These experiments evaluated local microgrid scheduling
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under operating-condition shifts; they did not assess VPP aggregation or coordinated
dispatch. Lagrangian-SAC was additionally included as an adaptive-penalty baseline. Its
correction multiplier was updated between episodes by projected dual ascent using the
normalized mean action-correction magnitude. The initial multiplier, dual learning rate,
correction budget, and maximum multiplier were 0.10, 0.05, 0.05, and 5.0, respectively.

Lagrangian-SAC was used only as a training-behavior reference in this study. It
retained the off-policy SAC backbone and changed primarily the treatment of the correction
constraint, which limited confounding from a different policy optimizer. No held-out
test-performance claim is made for this baseline.

Figure 3 compares the training rewards of CGSC-SAC, Safe-Clip-SAC, Lagrangian-
SAC, Safe-Clip-TD3 and Safe-Clip-PPO over 500 episodes. CGSC-SAC and Safe-Clip-SAC
followed similar trajectories, with substantially overlapping variability bands. Lagrangian-
SAC and Safe-Clip-PPO produced lower mean training rewards under the tested settings.
Three random training seeds were used for computation, and CGSC-SAC showed a certain
advantage in the training reward curve comparison.
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Post-hoc correction weight: Safe-Clip-SAC/PPO/TD3 = 0.35; CGSC-SAC and Lagrangian-SAC unchangedFigure 3. Cumulative training rewards over 500 episodes. Solid lines show the mean 20-episode

moving-average reward across three independent training seeds, and shaded regions show one
standard deviation across seeds.

4.2. Representative-Day Dispatch

To select a day representative of nominal generation and demand, we generated 365
candidate days with different random seeds. Daily load and PV scale factors ranged from
0.95 to 1.05 and 0.70–0.90, respectively, without additional stress events. Selection used
generation and demand statistics. Each candidate’s total load and PV energy deviations
from their sample medians were normalized by the corresponding standard deviations.
The candidate with the smallest two-dimensional Euclidean distance was selected. Policy
reward was not used for selection, reducing subjectivity associated with choosing favorable
dispatch outcomes. The selected day had total demand of 3218.53 kWh, PV generation of
906.10 kWh, and initial SOC of 65.99%.

Figure 4 presents CGSC-SAC power allocation and SOC throughout that day. Storage
discharged during 00:00–02:00, after which the supply from the grid met most of the
demand. As daytime PV output increased, storage charged during 07:00–10:00, reaching
the 80% SOC ceiling at approximately 11:00. Some midday PV surplus was exported.
After 16:00, the policy discharged storage to reduce grid purchases during expensive
periods and jointly supply evening demand with the grid. Grid imports nevertheless
remained substantial during several high-price hours because evening demand exceeded
the combined instantaneous contribution of PV generation and feasible battery discharge.
The controller reduced, but could not eliminate, these purchases because battery discharge
power, available stored energy, and the 20% lower SOC bound remained active constraints.
The 16:00–21:00 pattern therefore represents constrained residual demand rather than a
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preference for purchasing electricity at high prices. Daily grid imports and exports were
2290.39 and 85.86 kWh, respectively. The storage charging and discharging energies were
181.54 and 289.44 kWh. SOC remained within 20–80%, and the maximum power-balance
residual was 2.84× 10−14 kW. The selected dispatch thus satisfied the examined power-
balance and storage constraints. Terminal SOC reached the 20% lower bound, showing
substantial use of initial stored energy. Cross-day applications would require terminal
energy coordination.
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Figure 4. CGSC-SAC power dispatch and SOC on the representative day.

4.3. Ablation Study

We constructed three progressive configurations, CGSC-A, CGSC-B, and full CGSC-
SAC, starting from Safe-Clip-SAC. CGSC-A stored the safety-corrected executed action in
replay, aligning replay actions with actual power. CGSC-B additionally clipped actions used
in critic queries. Full CGSC-SAC added an action correction loss to penalize the deviation
between policy outputs and their clipped counterparts. Training rewards and test metrics were
compared as components were added. Table 3 summarizes the configurations and results.

Figure 5 shows the mean training reward curves for the four ablation configurations
over 500 episodes. The variability bands overlapped substantially, indicating that the small
differences between the mean curves were within the observed training-seed variability. In
the separate 50-day evaluation reported in Table 3, the retained CGSC-SAC policy achieved
the highest mean test reward,−114.091. This exceeded Safe-Clip-SAC, CGSC-A, and CGSC-
B by 2.267, 4.699, and 2.882, respectively. Daily cumulative correction energy decreased to
316.198 kWh, corresponding to reductions of 67.9%, 74.9%, and 60.8%. CGSC-A had lower
mean reward than the baseline; thus, executed-action replay alone did not improve overall
return in this experiment. Adding the correction loss to CGSC-B improved mean reward
and substantially reduced correction, supporting its role in limiting correction magnitude.
However, the full method’s raw-action violation rate was 73.5%, above the baseline’s 68.2%.
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Operating cost and shed energy were also not minimal. Improvements therefore concerned
overall reward and cumulative safety correction rather than all individual metrics.

Violation frequency and correction magnitude describe different aspects of policy
behavior. The higher raw-action violation rate but lower cumulative correction of CGSC-
SAC is consistent with more frequent, smaller excursions outside the admissible interval,
whereas a lower violation rate does not exclude occasional large deviations. All executed
actions remained feasible in the modeled system because clipping was applied before
execution. Nevertheless, frequent intervention indicates greater dependence on the safety
layer, while rare large deviations may require greater actuator headroom and may be more
sensitive to delay or model mismatch. These indicators are therefore interpreted jointly
instead of using either one alone to establish practical acceptability.
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Figure 5. Training reward curves for the ablation configurations.

As a numerical check, the mean terminal-penalty term before reward scaling was 8.798
for each configuration in Table 3. For example, the mean reward of CGSC-B is reconstructed as

−1080.244 + 0.10× 806.835 + 8.798
10

= −116.973. (23)

Thus, the reported CGSC-B reward corresponds to a non-negative terminal penalty.
The same calculation was applied to all configurations using the operating cost, cumulative
correction, and terminal energy deviation obtained from the same 50 test episodes.

4.4. Robustness Experiments

We constructed supply-stress and surplus-power distribution shifts to assess adap-
tation to changes in generation, demand, and grid exchange capability. Table 4 lists the
graded parameters. In Case 1, daily load and PV scale ranges were fixed at 0.95–1.05 and
0.55–0.80, respectively. A four-hour stress event began at 17:00 on every test day. From S0
to S3, initial SOC decreased, event-period demand increased, PV output decreased, and the
import limit tightened, reducing supply margins. Case 2 had no additional time-localized
stress event. Instead, initial SOC and PV output increased while daily demand decreased,
PV forecast error increased, and exports were restricted. This tested policy behavior under
changing surplus-power conditions. Table 4 retains parameters that vary by level; common
settings are described here, and other parameters follow the base environment.
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Table 4. Graded perturbation settings for the robustness scenarios.

Scenario Parameter S0 S1 S2 S3

Supply stress Initial SOC (%) 35–45 30–38 25–33 22–30
Supply stress Event load multiplier 1.00 1.10–1.20 1.25–1.40 1.40–1.60
Supply stress Event PV multiplier 0.80–1.00 0.50–0.80 0.25–0.55 0.10–0.35
Supply stress Event import limit (kW) 180–190 150–170 125–150 105–135
Surplus power Initial SOC (%) 55–65 62–70 68–75 72–78
Surplus power Daily PV scale 0.70–0.90 0.90–1.10 1.10–1.30 1.30–1.50
Surplus power Daily load scale 0.90–1.00 0.82–0.94 0.74–0.88 0.68–0.82
Surplus power Export limit (kW) 160 100 60 25
Surplus power PV forecast error standard deviation 0.08 0.14 0.20 0.28

Figure 6 compares the methods across S0–S3 by scenario and metric. Under supply stress
(Figure 6a), mean cumulative rewards decreased for all methods as stress increased. CGSC-
SAC declined from −55.544 at S0 to −159.911 at S3 while retaining the highest mean at every
level. Its advantages over Safe-Clip-SAC and Safe-Clip-PPO were 2.050–5.681 and 7.766–47.380,
respectively. Reward uncertainty intervals for CGSC-SAC and Safe-Clip-SAC overlapped
at S2 and S3; the mean ranking does not establish statistical significance. Under surplus
power (Figure 6b), mean rewards increased with level for all three methods. CGSC-SAC
increased from −49.489 to −32.002, exceeding the two baselines by 4.378–5.967 and 4.597–
6.801, respectively. Higher PV output and lower demand accompanied tighter export limits
and greater forecast error. Increasing the perturbation level therefore did not monotonically
reduce reward, nor does the reward trend alone demonstrate improved PV utilization.
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Figure 6. Robustness under supply-stress and surplus-power perturbations. (a) Mean cumulative
reward under supply stress; (b) mean cumulative reward under surplus power; (c) mean daily
cumulative safety correction under supply stress; (d) mean daily cumulative safety correction under
surplus power.

Safety correction followed a different pattern. Under supply stress (Figure 6c), Safe-
Clip-SAC’s mean daily cumulative correction increased from 880.798 to 1085.149 kW.
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CGSC-SAC remained within the range of 311.315–348.027 kW and declined slightly from
S2 to S3. Relative reductions were 64.7–68.4% across the four levels. Under surplus power
(Figure 6d), CGSC-SAC correction increased overall from 316.983 kW at S0 to 399.446 kW
at S3, with intermediate fluctuations. Safe-Clip-SAC increased from 843.948 to 1124.910 kW.
CGSC-SAC reductions relative to Safe-Clip-SAC were 59.3–64.5%, and correction remained
below Safe-Clip-PPO at every level in both scenarios. CGSC-SAC thus maintained smaller
correction magnitudes under the tested distribution shifts. Nevertheless, correction re-
mained necessary and did not vary strictly monotonically with perturbation level. The
complete test metrics showed zero final-action violations for all methods, while CGSC-SAC
did not always have a lower raw-action violation rate. Its advantages primarily concerned
mean overall reward and cumulative safety correction, with insufficient physical resources
still limiting performance under supply stress.

To further quantify the utilization of surplus power, the daily unabsorbed surplus en-
ergy was calculated as Esur = ∑T−1

t=0 Psur
t ∆t. Averaged over the 50 test days, the unabsorbed

surplus energy of CGSC-SAC was 0.000, 9.933, 188.719, and 505.859 kWh under S0–S3,
respectively. The corresponding values were 0.000, 7.882, 141.319, and 444.086 kWh for
Safe-Clip-SAC, and 0.000, 0.000, 58.660, and 436.067 kWh for Safe-Clip-PPO. These results
indicate that CGSC-SAC did not minimize unabsorbed surplus energy under the tested
perturbations. Therefore, its lower safety-correction requirement should not be interpreted
as improved PV utilization.

To locate the temporal sources of cumulative correction differences, Figure 7 shows
hourly and daily correction for one test day in each S3 scenario. Hourly correction is
the absolute difference between raw and executed storage power. Under supply stress
(Figure 7a,b), Safe-Clip-SAC required larger corrections mainly during the time ranges
00:00–03:00, 12:00–18:00, and 20:00–23:00. Its maximum single-step correction was 106.0 kW
at 17:00, compared with CGSC-SAC’s maximum of 31.0 kW. Daily correction energy de-
creased from 1083.1 to 340.5 kWh, a reduction of 68.6%. Under surplus power (Figure 7c,d),
larger differences occurred during 02:00–03:00, 13:00–16:00, and 20:00–23:00. Both methods
reached their largest single-step corrections at 21:00: 98.1 kW for Safe-Clip-SAC and 32.3 kW
for CGSC-SAC. Daily correction decreased from 960.2 to 340.0 kW, a reduction of 64.6%.
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Figure 7. Safety correction in two S3 scenarios. (a) Hourly correction under supply stress; (b) daily
cumulative correction under supply stress; (c) hourly correction under surplus power; (d) daily
cumulative correction under surplus power.
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These single-day results associate lower cumulative correction with smaller large-
magnitude corrections across several periods. However, CGSC-SAC still required inter-
vention in multiple periods and did not outperform the baseline at every hour. Examples
include 04:00–06:00 and 10:00–11:00 under supply stress. The reductions of 68.6% and
64.6% apply only to the displayed days and do not replace the 50-day statistics in Figure 6.
Correction curves alone also do not identify raw charging or discharging directions or
positions relative to upper and lower boundaries.

4.5. Network-Level Validation and Scalability Analysis

To evaluate the applicability of CGSC-SAC to larger-scale microgrids, an extended test
scenario is constructed based on the IEEE 33-bus system, with three PV units, two load units,
and energy storage units integrated at different buses. The original CGSC-SAC algorithm
structure is retained. Scheduling performance and computational efficiency in the multi-
bus environment are evaluated over 10 independent test days using models trained with
five different random seeds. Figure 8 presents the cumulative action correction and load
satisfaction rate over 10 test days. Under varying PV generation and load conditions, the
action correction varies across test days, while the load satisfaction rate remains above
83%, with no energy storage SOC violations observed. Table 5 further compares the overall
performance of the original single-bus system and the extended IEEE 33-bus system.
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IEEE 33 extended CGSC-SAC; means across five training seeds; error bars show ±1 SDFigure 8. Daily cumulative action correction and load satisfaction rate in the IEEE 33-bus extended
microgrid.

Table 5. Performance comparison between different microgrid scales.

Metric Single-Bus IEEE 33-Bus

Average load satisfaction rate (%) 93.19 93.06
Average action correction (kWh/day) 92.52 123.35

SOC violation count 0 0
Average decision time (ms/step) 0.1253 5.1813

Compared with the original single-bus system, the extended system exhibits a slight
decrease of 0.13 percentage points in the average load satisfaction rate, while the average
action correction increases by 33.3%, indicating a greater need for action correction under
multi-bus operating conditions. The average decision time increases from 0.1253 ms to
5.1813 ms, which remains suitable for hourly scheduling. These results demonstrate that
CGSC-SAC maintains comparable load satisfaction and compliance with energy storage
SOC constraints in the tested multi-bus scenario, providing preliminary evidence of its
applicability to larger-scale microgrids.
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5. Conclusions
This study proposed CGSC-SAC for energy storage scheduling in a grid-connected

microgrid with a view to VPP applications. By integrating executed-action replay, critic
action clipping, and an action correction loss with real-time safety clipping, the method
incorporates execution-time correction information into policy learning. This design allows
the policy to learn from interventions made by the safety layer rather than treat them only
as external execution constraints. In the tested 24 h simulations, CGSC-SAC improved the
mean ablation reward by 2.267 and reduced cumulative correction energy by 67.9% relative
to Safe-Clip-SAC. Under supply-stress and surplus-power distribution shifts, it achieved
higher mean rewards and reduced cumulative correction energy by 64.7–68.4% and 59.3–
64.5%, respectively. These results suggest that feeding executed actions and correction
magnitudes back into the learning process can reduce the extent of subsequent safety inter-
ventions under the examined operating conditions. However, the improvements mainly
concerned overall reward and correction magnitude and did not extend to every individual
metric. In particular, a lower cumulative correction energy did not necessarily correspond to
a lower raw-action violation rate, because the violation frequency and correction magnitude
characterize different aspects of policy behavior. All executed actions remained feasible be-
cause every method used the same real-time safety layer, which achieved zero final-action
violations. CGSC-SAC should therefore be interpreted as improving policy adaptation
within a safeguarded control framework rather than replacing execution-time protection.
The conclusions are primarily based on the single-node active-power scheduling model,
supplemented by preliminary IEEE 33-bus extended-system validation without explicit
network power-flow constraints. Future work should examine network-constrained and
multi-resource VPP operation, terminal energy coordination, forecast–real-time interval
mismatch, broader statistical evaluation, and hardware-in-the-loop validation.
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