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Abstract

The increasing penetration of distributed renewable energy sources and electric vehicles
(EVs) introduces significant operational challenges for residential energy management
systems (HEMS), including stochastic renewable generation, uncertain load demand, device
coupling, and physical safety constraints. This paper proposes a digital-twin-aided safe
multi-agent reinforcement learning framework for coordinated energy management in
renewable-integrated residential systems. The proposed approach models the battery
energy storage system and the EV as independent agents and employs a multi-agent soft
actor–critic (MASAC) algorithm with a centralised critic to capture the interactions among
distributed energy resources. To improve decision quality under uncertainty, a digital twin
module is developed to maintain a virtual representation of the residential energy system,
synchronise operational states, update degradation-sensitive parameters, and generate
short-term predictive information on photovoltaic (PV) generation and household load.
The updated digital twin states and forecasts are incorporated into the observations of
the reinforcement learning agents. In addition, a safety projection layer is incorporated to
improve operational feasibility during both training and deployment. The environment
considers realistic residential characteristics, including time-of-use electricity prices, battery
degradation, EV mobility patterns, and grid energy trading. Simulation results show that
the proposed framework reduces daily energy costs compared with rule-based baselines
while maintaining EV charging reliability and operational feasibility. These results highlight
the potential of combining predictive information, safety-constrained action execution, and
multi-agent reinforcement learning for intelligent residential energy management.

Keywords: residential energy management; digital twin; multi-agent reinforcement
learning; soft actor-critic; electric vehicles; battery energy storage; photovoltaic generation;
safety constraints

1. Introduction
The rapid deployment of distributed renewable energy resources, residential battery

energy storage systems (BESS), and electric vehicles (EVs) is fundamentally transform-
ing residential energy systems [1]. In recent years, rooftop photovoltaic (PV) generation,
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household battery storage, and EV charging infrastructures have been increasingly inte-
grated into domestic energy systems to improve renewable energy utilisation, enhance
self-consumption, and reduce carbon emissions [1]. Although these technologies provide
significant opportunities for more sustainable residential energy operation, they also intro-
duce substantial operational complexity for home energy management systems (HEMS) [2].
In particular, the intermittency of PV generation, stochastic household load demand, time-
varying electricity prices, and uncertain EV arrival and departure patterns create a highly
dynamic and uncertain decision-making environment [3]. As a result, intelligent energy
management strategies are required to coordinate multiple distributed energy resources
and achieve efficient, reliable, and cost-effective operation of residential energy systems [4].

Traditional residential energy management strategies are typically based on rule-
based control or optimisation-based approaches [5]. Rule-based strategies are simple to
implement and easy to interpret, but they often lack flexibility under varying operating
conditions and may fail to fully exploit the coordination potential among PV generation,
BESS operation, and EV charging [4]. Optimisation-based methods, such as mixed-integer
linear programming (MILP) and model predictive control (MPC), have been widely used to
address residential energy scheduling problems by explicitly modelling system dynamics,
user preferences, and operational constraints [2]. These approaches can achieve high-quality
scheduling solutions when accurate system models, forecasts, and problem formulations are
available [3]. However, their performance strongly depends on the accuracy of forecasts and
models, while their computational burden may increase significantly as more distributed
energy resources, constraints, and uncertainty sources are considered [2]. Therefore, more
adaptive and scalable control strategies are needed for residential energy management in
complex and uncertain environments.

In recent years, reinforcement learning (RL) has emerged as a promising approach
for energy management problems due to its ability to learn control policies directly from
interactions with the environment without requiring an explicit optimisation model for
every operating condition [4]. Deep reinforcement learning (DRL) techniques have been
investigated for residential energy management, EV charging coordination, and the joint
operation of PV, BESS, and household demand under uncertainty [5]. By learning from
historical data or simulated environments, RL-based controllers can adapt to stochastic user
behaviour, renewable generation fluctuations, and dynamic system states [5]. Among exist-
ing RL algorithms, soft actor–critic (SAC) has attracted considerable attention because of its
stability, sample efficiency, and suitability for continuous control problems [6]. Recent work
has further demonstrated the potential of SAC-based residential energy management for
coordinating household energy resources under stochastic EV behaviour and operational
constraints [5].

Related Work and Research Gap

Recent studies have extended residential energy management research from conven-
tional optimisation and single-agent learning methods toward more integrated digital-twin-
assisted and multi-agent learning frameworks. One important research direction is the
integration of digital twins with reinforcement learning and predictive energy management.
Digital twins have been used to construct virtual representations of physical energy systems,
support online monitoring, update system states, provide short-term forecasting, and assist
intelligent decision-making. For example, Zhou et al. investigated the application of digital
twins for reinforcement-learning-based optimal scheduling and reliability management
enhancement of energy systems [7]. Sado et al. proposed a digital-twin-based forecasting
framework for power flow management in DC microgrids, showing the value of digital
twins in real-time monitoring and predictive operation [8]. In battery-related applications,
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recent studies have further combined digital twins with state estimation, transfer learning,
and AI-assisted modelling for lithium-ion battery management [9,10]. These studies indi-
cate that a digital twin should not be regarded as a simple forecasting block only; rather,
it can provide virtual representation, state synchronisation, parameter updating, predic-
tive support, and controller interaction. However, the integration of digital-twin-based
state updating and forecasting with safe multi-agent reinforcement learning for residential
PV-BESS-EV energy management remains insufficiently studied.

A second relevant direction is safe reinforcement learning for constrained energy
management. In practical residential energy systems, reinforcement learning policies
may generate actions that violate physical constraints, such as battery SOC limits, EV
availability constraints, charging power limits, or grid exchange limits. Therefore, recent
safe RL studies have moved beyond purely penalty-based constraint handling and have
introduced safety layers, action projection, physical-informed correction, and constrained
policy optimisation. Wang et al. developed a physical-informed safe reinforcement learning
approach for secure energy management of multi-energy microgrids [11]. More general
safe RL studies have also demonstrated that action projection and runtime safety filtering
can explicitly map unsafe actions into feasible action spaces [12]. In power and energy
systems, projection-based deep reinforcement learning has been applied to safe distribution
grid control to improve hard-constraint satisfaction during online operation [13]. These
studies support the idea that operational constraints should be embedded directly into the
action execution process rather than being handled only by soft penalty terms in the reward
function. Nevertheless, detailed safety projection mechanisms for residential systems with
coupled BESS and EV control remain underdeveloped.

A third research direction is multi-agent reinforcement learning for distributed energy
storage, EV scheduling, and smart community energy management. Compared with single-
agent control, multi-agent reinforcement learning can better represent the distributed nature
of residential energy resources and the coupling among different controllable devices.
Kaewdornhan et al. proposed a real-time multi-home energy management method with
EV charging scheduling using multi-agent deep reinforcement learning [14]. Wang et al.
developed a scalable multi-agent deep reinforcement learning approach for residential
hybrid energy systems, highlighting the value of centralised training and decentralised
execution for scalable coordination [15]. Saberi et al. further investigated a multi-agent deep
constrained Q-learning method for smart building energy management under uncertainties,
demonstrating the relevance of combining multi-agent learning with constraint handling
in building-level energy systems [16]. These studies show that MARL is suitable for
coordinating distributed energy resources under uncertainty. However, existing MARL-
based energy management methods often focus on community-level coordination, EV
scheduling, or economic dispatch separately, while the combined use of digital twin
updating, safety-constrained action projection, and MASAC-based BESS–EV coordination
in a residential PV-integrated system has not been fully addressed.

Battery health condition estimation is also closely related to long-term energy man-
agement because battery ageing affects available capacity, charging/discharging efficiency,
degradation cost, and the economic value of storage scheduling. Recent battery digital
twin and prognostics studies have investigated advanced SOH/RUL estimation methods,
including digital-twin-supported battery state estimation using TCN-LSTM networks and
transfer learning [9], physics-guided TL-LSTM networks for early-stage lithium-ion battery
degradation trajectory prediction [17], and knowledge-distillation-based network compres-
sion frameworks for lithium-ion battery lifecycle management [18]. These studies indicate
that battery health estimation can provide useful information for degradation-aware digital
twin updating. In the present work, the digital twin framework incorporates degradation-
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sensitive parameters and degradation-related cost terms, while more advanced online
SOH/RUL estimation models can be integrated in future work.

Based on the above review, the research gap can be summarised as follows. Exist-
ing studies have separately investigated digital twin-assisted forecasting and decision
support, safe reinforcement learning for constrained energy management, multi-agent
reinforcement learning for distributed energy scheduling, and battery health estimation for
digital twin applications. However, there is still a lack of an integrated residential energy
management framework that combines digital-twin-based state updating and prediction,
explicit safety-constrained continuous action projection, and MASAC-based coordination
between stationary battery storage and EV charging flexibility. This gap motivates the
digital-twin-aided safe MASAC framework proposed in this paper.

Based on the above research gaps, the main contributions of this paper are summarised
as follows:

• A digital-twin-aided safe MASAC framework is developed for coordinated residen-
tial energy management with PV generation, battery storage, and electric vehicles,
integrating virtual system representation, state synchronisation, degradation-aware
model updating, learning-based decision-making, safety projection, and reward-based
policy learning within a closed-loop architecture.

• A MASAC-based control strategy is adopted to learn continuous charging and dis-
charging decisions for residential energy resources under stochastic PV generation,
load demand, electricity prices, and EV availability.

• A safety projection layer is designed to enforce physical constraints, including battery
SOC limits, EV charging availability, and grid power constraints, thereby ensuring the
system’s safe operation.

• A digital twin-based virtual–physical interaction mechanism is introduced to support
state synchronisation, degradation-sensitive parameter updating, short-term PV/load
forecasting, and augmented observation construction for the MASAC controller.

• Extensive simulation experiments demonstrate that the proposed method improves
operational efficiency and economic performance compared to TD3 and conventional
rule-based strategies.

The remainder of this paper is organised as follows. Section 2 introduces the system
model and problem formulation of the residential energy management system. Section 3
presents the proposed digital-twin-aided safe MASAC framework. Section 4 describes the
experimental setup and evaluation methodology. Section 5 discusses the simulation results
and performance comparisons. Finally, Section 6 concludes the paper and outlines future
research directions.

2. System Model and Problem Formulation
2.1. Residential Energy System Architecture

The residential energy management system considered in this study comprises several
key components: rooftop PV generation, a household electrical load, a BESS, an EV, and a
bidirectional connection to the utility grid [19]. Together, these components form a typical
integrated renewable residential energy system that enables flexible energy exchange and
intelligent energy scheduling within the household [19].

The photovoltaic generation unit provides renewable electricity that can be used
directly to supply the household load or charge local storage devices. However, due to the
intermittent, weather-dependent nature of solar power generation, PV output is inherently
uncertain and varies throughout the day [19]. As a result, additional flexible resources are
required to balance the mismatch between generation and consumption.

https://doi.org/10.3390/en19133098

https://doi.org/10.3390/en19133098


Energies 2026, 19, 3098 5 of 34

The battery energy storage system is used to improve the flexibility of the household
energy system. The battery can store surplus electricity when PV generation exceeds
load demand and discharge energy when household demand exceeds available renewable
generation. Through appropriate charging and discharge scheduling, the battery helps
reduce electricity purchase from the grid, smooth power fluctuations, and improve overall
system efficiency [20].

In addition to stationary battery storage, an electric vehicle is also considered a mobile
energy storage device. When the EV is connected to the residential charging point, it can
participate in the household energy management by charging from the grid or local PV
generation [21]. Depending on the system configuration, the EV battery may also provide
energy back to the household via vehicle-to-home (V2H) [21]. However, the availability of
the electric vehicle is limited by its arrival and departure patterns. Specifically, the EV is
only available for charging or discharging when it is parked at home. Furthermore, the
EV battery typically needs to reach a target SOC before departure to meet the user’s travel
requirements [19].

The residential energy system is also connected to the external power grid through a
bidirectional power exchange interface. When local generation and storage are insufficient
to meet the household’s electricity demand, electricity can be purchased from the grid.
In contrast, if local photovoltaic generation exceeds household consumption and storage
capacity, surplus energy can be exported back to the grid, depending on electricity pricing
policy. In this work, the time-of-use electricity price is considered, in which the electricity
purchase price varies across time periods throughout the day. This pricing mechanism
provides economic incentives to shift energy consumption and optimise energy storage
operations [20].

Within this energy management framework, the battery charging or discharging power
and the EV charging or discharging power are treated as controllable decision variables.
At each decision time step, the energy management controller determines the charging
and discharging actions for the battery and the EV to coordinate energy flows among PV
generation, household load demand, and grid power exchange. These decisions must
satisfy various physical and operational constraints, including battery power limits, SOC
limits, EV availability constraints, and grid power exchange limits [19].

The objective of the residential energy management system is to minimise overall
operational costs while maintaining reliable, safe system operation. The operational cost
typically includes the purchase cost of the electricity from the network, potential revenue
from exporting electricity, the battery degradation costs associated with the charging and
discharging cycles, and penalties for operational constraints such as electric vehicle charg-
ing requirements. Due to the stochastic nature of photovoltaic generation, household
load demand and EV usage patterns, determining an optimal control strategy is a chal-
lenging sequential decision-making problem that requires intelligent and adaptive energy
management approaches [22].

2.2. Component Models and System Dynamics

To formulate the residential energy management problem, this subsection introduces
mathematical models for the key components of the system. These models describe the
energy balance of the household system, as well as the operational dynamics of the battery
energy storage system and the electric vehicle [20].

2.2.1. Power Balance Model

At each time step, the power balance of the residential energy system must be satisfied.
To avoid ambiguity between charging and discharging decisions, the battery and EV
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are both described using signed continuous power variables. For each storage device
i ∈ {b, ev}, Pi(t) > 0 denotes charging power, while Pi(t) < 0 denotes discharging power.
The corresponding non-negative charging and discharging components are defined as

Pch
i (t) = [Pi(t)]

+, Pdis
i (t) = [−Pi(t)]

+, (1)

where [x]+ = max(x, 0). Since Pch
i (t) and Pdis

i (t) are derived from the same signed power
command, they are not independent decision variables. Therefore, the following mutual
exclusivity relationship is naturally satisfied:

Pch
i (t)Pdis

i (t) = 0, ∀i ∈ {b, ev}, ∀t ∈ T . (2)

This formulation mathematically prevents the battery or EV from charging and discharging
simultaneously within the same time interval.

The electricity demand of the household can be met by local PV generation, the battery
energy storage system, the EV, or the electricity grid. The power balance equation is
expressed as

Pgrid(t) = Pload(t) + Pch
b (t) + Pch

ev (t)− Ppv(t)− Pdis
b (t)− Pdis

ev (t), (3)

where Pgrid(t) denotes the power exchanged with the utility grid at time step t. A positive
value of Pgrid(t) indicates electricity import from the grid, while a negative value represents
electricity export to the grid. Pload(t) represents the household load demand and Ppv(t)
denotes the power generated by the photovoltaic system.

The power exchange with the grid may also be limited by infrastructure constraints,
which can be expressed as

|Pgrid(t)| ≤ Pmax
grid , (4)

where Pmax
grid denotes the maximum allowed exchange power of the grid.

2.2.2. Battery Energy Storage Model

The battery energy storage system is modelled based on its charging and discharg-
ing dynamics. Following the signed power convention introduced above, the battery
charging and discharging powers are obtained from the signed battery command Pb(t) as
Pch

b (t) = [Pb(t)]+ and Pdis
b (t) = [−Pb(t)]+. The SOC of the battery evolves according to

SOCb(t + 1) = SOCb(t) +
ηch

b Pch
b (t)− Pdis

b (t)/ηdis
b

Eb
∆t, (5)

where SOCb(t) denotes the state of charge of the battery at time step t, Eb represents the
nominal battery capacity in kWh, and ∆t is the duration of one control time step. ηch

b and
ηdis

b denote the charging and discharging efficiencies of the battery, respectively.
The battery charging and discharging powers are limited by the power rating of the

storage system:
0 ≤ Pch

b (t) ≤ Pch,max
b , (6)

0 ≤ Pdis
b (t) ≤ Pdis,max

b . (7)

In addition, the battery SOC must remain within its operational limits:

SOCmin
b ≤ SOCb(t) ≤ SOCmax

b . (8)
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These constraints ensure safe operation of the battery and prevent excessive charging or
deep discharging. Since Pch

b (t) and Pdis
b (t) are derived from the same signed action Pb(t),

simultaneous battery charging and discharging are excluded by construction.

2.2.3. Electric Vehicle Model

The electric vehicle is modelled as a mobile energy storage device that can participate
in household energy management when it is connected to the residential charging point.
Similar to the stationary battery, the EV power command is represented by a signed
continuous variable Pev(t), where Pev(t) > 0 indicates charging and Pev(t) < 0 indicates
discharging or vehicle-to-home operation. The corresponding non-negative charging and
discharging powers are defined as Pch

ev (t) = [Pev(t)]+ and Pdis
ev (t) = [−Pev(t)]+.

The SOC dynamics of the EV battery are described as

SOCev(t + 1) = SOCev(t) +
ηch

ev Pch
ev (t)− Pdis

ev (t)/ηdis
ev

Eev
∆t, (9)

where SOCev(t) denotes the state of charge of the EV battery, Eev is the capacity of the EV
battery, and ηch

ev and ηdis
ev are the EV charging and discharging efficiencies, respectively.

Unlike stationary storage devices, electric vehicles are not always available for charg-
ing or discharging due to their mobility. To model this characteristic, a binary availability
variable ξev(t) is introduced:

ξev(t) =

1, if the EV is connected to the household,

0, otherwise.
(10)

When the EV is not present at home, its charging and discharging powers must be zero.
This is enforced through the following availability-dependent power limits:

0 ≤ Pch
ev (t) ≤ ξev(t)Pch,max

ev , (11)

0 ≤ Pdis
ev (t) ≤ ξev(t)Pdis,max

ev . (12)

Therefore, when ξev(t) = 0, both Pch
ev (t) and Pdis

ev (t) are forced to zero. Furthermore, the
SOC of the EV battery must meet its operational limits:

0 ≤ SOCev(t) ≤ 1. (13)

The EV is typically required to reach a desired SOC level before its departure time to
ensure the user’s mobility needs are met. Since Pch

ev (t) and Pdis
ev (t) are obtained from

the same signed EV action Pev(t), simultaneous EV charging and discharging are also
mathematically prevented.

2.3. Energy Management Problem Formulation

Based on the component models and system dynamics introduced above, the residen-
tial energy management task can be formulated as a constrained sequential optimisation
problem. The objective is to determine the charging and discharging actions of the battery
and electric vehicle on the scheduling horizon to minimise the total operational cost while
satisfying all physical and operational constraints.

Let the scheduling horizon be denoted by T = {0, 1, . . . , T − 1}, where T is the total
number of decision steps within one operating cycle. At each time step t ∈ T , the controller
determines the battery power Pb(t) and the electric vehicle power Pev(t) according to
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the state of the current system and the available information. The resulting optimisation
objective consists of the following terms.

2.3.1. Electricity Transaction Cost

The net cost of the electricity transaction is determined by the power exchanged
with the utility grid and the corresponding time-varying electricity prices. Let λbuy(t)
and λsell(t) denote the electricity purchase and sale prices, respectively. The cost of the
transaction of the grid at the time step t is defined as

Cgrid(t) = max
(

Pgrid(t), 0
)

λbuy(t)∆t−max
(
−Pgrid(t), 0

)
λsell(t)∆t, (14)

where a positive Pgrid(t) indicates the import of electricity from the grid and a negative
Pgrid(t) indicates the export of electricity to the grid. The numerical values of the time-of-
use purchase price λbuy(t) and the export price λsell(t) used in the simulations are provided
in Table 1.

Table 1. Economic and penalty parameters used in the objective function.

Parameter Value Description

λ
o f f
buy

0.20 £/kWh Off-peak electricity purchase price

λmid
buy 0.30 £/kWh Mid-peak electricity purchase price

λ
peak
buy

0.35 £/kWh Peak electricity purchase price

λsell 0.10 £/kWh Electricity export price
λb,deg 0.02 £/kWh Stationary battery degradation coefficient
λev,ch 0.01 £/kWh EV charging degradation coefficient
λev,dis 0.02 £/kWh EV discharging degradation coefficient
λramp 0.01 Battery ramping penalty coefficient
Λb,term 15.0 Battery terminal SOC penalty coefficient
Λev 100.0 EV departure SOC penalty coefficient
Λgrid 10.0 Grid violation penalty coefficient
∆t 1.0 h Duration of one decision time step

2.3.2. Battery and EV Degradation Costs and Smoothing Penalty

Frequent charging and discharging of electrochemical storage devices can accelerate
battery degradation and reduce their service life. In the proposed residential energy
management problem, degradation-related costs are considered for both the stationary
battery and the EV battery. For the stationary battery, the degradation cost is modelled
according to the battery energy throughput:

Cb,deg(t) = λb,deg

(
Pch

b (t) + Pdis
b (t)

)
∆t, (15)

where λb,deg is the degradation cost coefficient of the stationary battery.
Since the EV battery may also be used for vehicle-to-home operation, an additional

EV battery degradation cost is introduced to penalise charging and discharging cycles of
the EV battery, especially the discharging energy used for non-mobility purposes:

Cev,deg(t) = λev,chPch
ev (t)∆t + λev,disPdis

ev (t)∆t, (16)

where λev,ch and λev,dis denote the EV charging and discharging degradation cost coeffi-
cients, respectively. In practical applications, λev,dis can be set higher than λev,ch to reflect
users’ greater sensitivity to EV battery wear caused by V2H discharging cycles. If V2H
operation is disabled, Pdis

ev (t) = 0 and the EV discharging degradation term becomes in-
active. In addition, rapid fluctuations in battery power may be undesirable in practical
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operation. Therefore, a ramping penalty is incorporated to encourage smoother battery
power trajectories:

Cramp(t) = λramp|Pb(t)− Pb(t− 1)|, (17)

where λramp is the ramping penalty coefficient.

2.3.3. Battery Terminal SOC Penalty

To avoid unrealistic end-of-horizon behaviour, the battery SOC at the end of the
scheduling horizon is encouraged to return to a desired reference value. Let SOCre f

b denote
the reference terminal SOC. The terminal penalty is defined as

Cb,term = Λb,term

(
SOCb(T)− SOCre f

b

)2
, (18)

where Λb,term is the corresponding weighting factor.

2.3.4. EV Departure Requirement Penalty

In residential applications, the electric vehicle must satisfy the user’s mobility re-
quirement by reaching a desired SOC before departure. Let tdep denote the EV departure
time and SOCtar

ev denote the target EV SOC before departure. The EV departure penalty is
formulated as

Cev,dep = Λev max
(

0, SOCtar
ev − SOCev(tdep)

)
Eev, (19)

where Λev is the penalty coefficient and Eev is the battery capacity of the EV. This term
penalises insufficient charging of EV before departure and ensures user travel readiness.

2.3.5. Overall Objective Function

By combining the above cost components, the total operational cost over the schedul-
ing horizon can be expressed as

J =
T−1

∑
t=0

[
Cgrid(t) + Cb,deg(t) + Cev,deg(t) + Cramp(t)

]
+ Cb,term + Cev,dep. (20)

The inclusion of Cev,deg(t) explicitly accounts for the degradation cost associated with EV
battery cycling, particularly when the EV participates in V2H discharging for household
energy support.

Consequently, the residential energy management problem is formulated as follows:

min
{Pb(t),Pev(t)}T−1

t=0

J (21)

subject to
Pch

b (t) = [Pb(t)]
+, Pdis

b (t) = [−Pb(t)]
+, ∀t ∈ T , (22)

Pch
ev (t) = [Pev(t)]

+, Pdis
ev (t) = [−Pev(t)]

+, ∀t ∈ T , (23)

Pch
b (t)Pdis

b (t) = 0, Pch
ev (t)Pdis

ev (t) = 0, ∀t ∈ T , (24)

Pgrid(t) = Pload(t) + Pch
b (t) + Pch

ev (t)− Ppv(t)− Pdis
b (t)− Pdis

ev (t), ∀t ∈ T , (25)

SOCb(t + 1) = SOCb(t) +
ηch

b Pch
b (t)− Pdis

b (t)/ηdis
b

Eb
∆t, ∀t ∈ T , (26)

SOCev(t + 1) = SOCev(t) +
ηch

ev Pch
ev (t)− Pdis

ev (t)/ηdis
ev

Eev
∆t, ∀t ∈ T , (27)

0 ≤ Pch
b (t) ≤ Pch,max

b , 0 ≤ Pdis
b (t) ≤ Pdis,max

b , ∀t ∈ T , (28)
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SOCmin
b ≤ SOCb(t) ≤ SOCmax

b , ∀t ∈ {0, 1, . . . , T}, (29)

0 ≤ Pch
ev (t) ≤ ξev(t)Pch,max

ev , 0 ≤ Pdis
ev (t) ≤ ξev(t)Pdis,max

ev , ∀t ∈ T , (30)

0 ≤ SOCev(t) ≤ 1, ∀t ∈ {0, 1, . . . , T}, (31)

|Pgrid(t)| ≤ Pmax
grid , ∀t ∈ T . (32)

The mutual exclusivity constraints in the above formulation are satisfied by construction
because the charging and discharging components are derived from a single signed action
for each storage device. Therefore, no additional binary decision variable is required, which
is consistent with the continuous action space of the MASAC controller.

The above problem is difficult to solve using conventional optimisation methods
because the residential energy management environment is characterised by uncertainty
in PV generation, load demand, electricity prices, and EV usage patterns. In addition,
the problem involves coupled device dynamics, time-varying constraints, and sequential
decision-making over the entire scheduling horizon. Therefore, instead of relying on an
exact model-based optimisation solver, this work addresses the problem using a reinforce-
ment learning framework that learns a control policy directly from interactions with the
environment while implicitly optimising the above objective under operational constraints.

3. Methodology
3.1. Overview of the Proposed Energy Management Framework

To address the residential energy management problem formulated in Section 2.3, this
paper proposes a digital-twin-aided safe multi-agent reinforcement learning framework
for coordinated control of distributed energy resources in residential energy systems.
The proposed framework integrates three main components: a reinforcement-learning-
based control module, a digital twin module, and a safety-constrained action projection
mechanism. The digital twin module is not treated as a standalone forecasting model.
Instead, it is designed as a virtual representation of the residential energy system that
supports state synchronisation, degradation-sensitive parameter updating, short-term
prediction, and interaction with the MASAC controller. Based on the updated digital twin
states and predictive information, the MASAC controller learns coordinated charging and
discharging strategies for the battery and EV, while the safety projection layer ensures that
the executed actions satisfy physical and operational constraints. These components jointly
enable adaptive, predictive, and safe residential energy management under renewable
generation and load uncertainty.

The overall architecture of the proposed framework is illustrated in Figure 1. As
shown in Figure 1, the residential energy environment provides the current operating
states, including the battery SOC, EV SOC, EV availability, time-of-use electricity price, PV
generation, and household load demand. These state variables are first used to update the
virtual states and degradation-sensitive parameters of the digital twin. The updated digital
twin states are then combined with short-term PV and load forecasts to form augmented
observations for the MASAC controller. The battery agent and EV agent then generate
continuous control actions, which are evaluated during training by a centralised critic.
Before implementation, the raw actions are passed through the safety projection layer to
ensure compliance with battery SOC limits, EV availability constraints, charging power
limits, and grid exchange limits. The resulting feasible actions are finally executed in the
residential energy environment, while the reward/cost evaluation module provides feed-
back for policy learning. The framework is organised as a closed-loop energy management
system that integrates the residential energy environment, the digital twin-based state
updating and forecasting module, the MASAC-based decision-making module, the safety
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projection layer, and the reward/cost evaluation mechanism. At each decision time step,
the current state of the system is first observed from the environment. State information
typically includes battery SOC, EV SOC, EV availability status, electricity prices, current
photovoltaic generation, and household load demand. In addition to the instantaneous
state of the system, the updated virtual states, calibrated degradation-sensitive parameters,
and short-term predictive information generated by the digital twin are incorporated into
the observation space. The forecast module provides a summary of future PV generation
and load demand over a short look-ahead horizon, enabling the controller to anticipate
future energy conditions.

Figure 1. Architecture of the proposed digital-twin-aided safe MASAC framework for residential
energy management.

Based on the observed system state and predictive information, the reinforcement
learning controller determines control actions for distributed energy resources. In this work,
the battery energy storage system and the electric vehicle are treated as two controllable
agents that jointly participate in the energy management task. Each agent determines
its charging or discharging power on the basis of local observations while considering
the system’s overall objective. The reinforcement learning controller, therefore, outputs
continuous control actions representing the charging or discharging power commands for
the battery and the EV.

Since reinforcement learning policies may occasionally generate control actions that
violate physical or operational constraints, a safety projection mechanism is introduced
to ensure the feasibility of the control decisions. The safety layer receives the raw actions
produced by the reinforcement learning agents and projects them onto a feasible action
space that satisfies all operational constraints. These constraints include battery charging
and discharge power limits, battery SOC limits, EV availability constraints, EV charging
and discharge limits, and grid power exchange limits. By enforcing these constraints before
executing control actions, the proposed framework ensures that the energy management
system operates safely at all times.

After the safety-constrained actions are applied to the residential energy environment,
the system transitions to a new state according to the physical system dynamics described
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in Section 2. The environment then provides a reward signal that reflects the system’s
operational costs, including electricity purchase costs, battery degradation costs, and
penalty terms for constraint violations or unsatisfied EV charging requirements. This
reward signal guides the learning process of reinforcement learning agents.

Through continuous interactions with the environment, the reinforcement learning
controller gradually learns an energy management policy that minimises the long-term
operational cost while respecting the constraints of the system. The use of predictive infor-
mation from the digital twin module improves the controller’s decision-making capability
under uncertainty, while the safety projection layer ensures that all executed control ac-
tions remain physically feasible. As a result, the proposed framework enables reliable and
economically efficient coordination of distributed energy resources in residential energy
systems with renewable generation and electric vehicles.

3.2. Digital Twin Architecture and Synchronisation Mechanism

In the proposed framework, the digital twin is not treated merely as a forecasting
model, but as a virtual representation of the residential energy system that is continuously
updated using operational data from the physical or simulated household environment.
The digital twin consists of five functional layers: the data acquisition layer, the virtual
system model layer, the adaptive calibration layer, the forecasting layer, and the decision
interaction layer.

The data acquisition layer collects time-indexed operating information from the res-
idential energy system, including PV generation, household load demand, battery SOC,
EV SOC, EV availability, electricity price, and grid power exchange. At each decision time
step, these measurements are transferred from the physical system to the virtual model to
update the digital representation of the household energy system. In the simulation-based
implementation adopted in this study, this physical-to-virtual synchronisation is realised
through the simulated environment, which provides the same categories of measurements
that would be available from smart meters, battery management systems, EV chargers, and
PV inverters in practical deployment.

The virtual system model layer maintains mathematical models of the PV generation
unit, household load, battery energy storage system, EV battery, and grid interface. These
models describe the system states, operational constraints, and energy balance relationships
used by the MASAC controller. To improve consistency between the virtual model and the
operating system, an adaptive calibration layer is included. This layer updates the virtual
state and degradation-sensitive model parameters according to the mismatch between
measured and model-predicted states.

At each decision time step, the digital twin receives a measurement vector from the
residential energy environment:

zt =
[

Pmea
pv (t), Pmea

load(t), SOCmea
b (t), SOCmea

ev (t), ξmea
ev (t), Pmea

grid(t)
]T

, (33)

where the superscript “mea” denotes measured or simulated measurements. In the
simulation-based implementation of this study, these measurements are provided by the
residential energy environment. In practical deployment, the same information could be
obtained from smart meters, PV inverters, battery management systems, EV chargers, and
grid interface meters.

Before measurement correction, the digital twin predicts the virtual state using the
previous virtual state, the previously executed feasible action, and the current parame-
ter vector:

x̂t|t−1 = fdt(x̂t−1, āt−1, ut; θt), (34)

https://doi.org/10.3390/en19133098

https://doi.org/10.3390/en19133098


Energies 2026, 19, 3098 13 of 34

where x̂t|t−1 is the predicted virtual state, fdt(·) denotes the digital twin state transition
model, āt−1 is the projected feasible action executed at the previous time step, ut represents
exogenous inputs such as PV generation, load demand, EV availability, and electricity price,
and θt is the internal parameter vector of the digital twin.

The mismatch between the measured state and the predicted virtual state is calcu-
lated as

et = xmea
t − h

(
x̂t|t−1

)
, (35)

where xmea
t denotes the measurable state components contained in zt, and h(·) maps the

virtual state to the corresponding measurable outputs. The virtual state is then corrected by

x̂t = x̂t|t−1 + Kxet, (36)

where Kx is the state correction gain.
The internal digital twin parameter vector includes degradation-sensitive parame-

ters, such as the available battery capacity, available EV battery capacity, battery charg-
ing/discharging efficiencies, and EV charging/discharging efficiencies. These parameters
are updated according to

θt+1 = ProjΘ(θt + Kθet), (37)

where Kθ is the parameter calibration gain and ProjΘ(·) ensures that the updated parame-
ters remain within physically reasonable bounds.

To represent degradation effects, the available capacities of the stationary battery and
EV battery are linked to their state-of-health values:

Eava
b (t) = SOHb(t)Enom

b , (38)

Eava
ev (t) = SOHev(t)Enom

ev , (39)

where Enom
b and Enom

ev are the nominal capacities of the stationary battery and EV battery,
respectively. A simplified throughput-based degradation update can be written as

SOHb(t + 1) = SOHb(t)− ρb

(
Pch

b (t) + Pdis
b (t)

)
∆t

Enom
b

, (40)

SOHev(t + 1) = SOHev(t)− ρev

(
Pch

ev (t) + Pdis
ev (t)

)
∆t

Enom
ev

, (41)

where ρb and ρev are degradation coefficients. The updated available capacities and
efficiency-related parameters are then used by the digital twin in subsequent state predic-
tion and observation construction. This mechanism allows the digital twin to represent the
influence of battery and EV ageing on the energy management process.

The decision interaction layer forms the interface between the digital twin and the
MASAC controller. The digital twin sends the updated system state, calibrated model
parameters, and short-term forecast information to the MASAC agents. The agents then
generate charging or discharging actions for the battery and EV. After safety projection,
the feasible actions are applied to the residential energy environment, and the resulting
measurements are fed back to the digital twin for the next update. Therefore, a closed-loop
virtual–physical interaction is established, where the digital twin supports state estimation,
predictive information generation, parameter calibration, and scenario simulation for safe
and adaptive residential energy management.

Although the battery and EV have different physical characteristics and availability
patterns, their decisions are coupled through the household power balance, grid exchange
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power, PV self-consumption, and the shared operational cost. For example, excessive EV
charging during high-price periods may increase grid import unless the stationary battery
discharges or sufficient PV generation is available. Similarly, aggressive battery discharging
may reduce short-term grid import but may also limit the ability of the system to support
future EV charging requirements. Therefore, the optimal decision for one device depends
not only on its own local state, but also on the state and action of the other device.

3.3. Multi-Agent Soft Actor–Critic Energy Management Algorithm

The residential energy management problem defined in Section 2.3 is inherently a
sequential decision-making problem under uncertainty. The stochastic nature of photo-
voltaic generation, household load demand, and EV arrival and departure patterns makes
it difficult to derive an optimal control policy using conventional deterministic optimisation
methods. To address these challenges, this work adopts a reinforcement learning approach
to learn optimal energy management strategies through interaction with the environment.

In the proposed framework, the battery energy storage system and the electric vehicle
are modelled as two independent agents that learn their control policies simultaneously.
Each agent determines its own charging or discharging action based on its local observa-
tions, while a centralised critic is used during training to capture the interactions among the
agents. This structure enables coordinated control of multiple distributed energy resources
while maintaining decentralised decision-making.

3.3.1. Multi-Agent Reinforcement Learning Formulation

The energy management process can be formulated as a Markov decision process
(MDP) defined by the tuple (S ,A, P, r, γ), where S denotes the state space of the system,
A represents the action space, P is the probability of transition from state, r denotes the
reward function, and γ ∈ (0, 1) is the discount factor.

At each time step t, the system is in state st ∈ S , which includes battery SOC, EV SOC,
electricity prices, photovoltaic generation, load demand and other relevant information.
The two agents select their actions ab

t and aev
t , corresponding to the charging and discharging

powers of the battery and the EV, respectively. The joint action can therefore be expressed as

at =
(

ab
t , aev

t

)
. (42)

After executing the joint action, the environment transitions to the next state st+1 ac-
cording to the system dynamics described in Section 2.2, and a reward signal rt is obtained.

The objective of the reinforcement learning controller is to learn a policy that maximises
the expected cumulative discounted reward

J(π) = Eπ

[
∞

∑
t=0

γtrt

]
. (43)

3.3.2. Soft Actor–Critic Framework

To address the above learning problem, this work adopts the MASAC algorithm, an
off-policy actor–critic method designed for continuous control tasks. MASAC introduces
an entropy regularisation term into the reinforcement learning objective to encourage
exploration and improve policy robustness. The objective function of the maximum entropy
reinforcement learning framework is given by

J(π) = E(st ,at)∼ρπ

[
∞

∑
t=0

γt(rt + αH(π(·|st)))

]
, (44)
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whereH(π(·|st)) denotes the entropy of the policy distribution and α is the temperature
parameter that determines the relative importance of the entropy term.

In the multi-agent setting considered in this work, the joint policy can be expressed as

π(at|st) = πb(ab
t |ob

t )πev(aev
t |oev

t ), (45)

where πb and πev represent the stochastic policies of the battery and EV agents, respectively,
and ob

t and oev
t denote the local observations of the corresponding agents.

3.3.3. Centralised Critic

To capture the coupling among multiple energy devices, a centralised critic is adopted
during training. The critic estimates the joint action-value function based on the feasible
actions actually executed by the environment:

Q(st, āb
t , āev

t ), (46)

where āb
t and āev

t denote the projected feasible actions of the battery and EV agents, respec-
tively. The raw actions generated by the actor networks are denoted as ãb

t and ãev
t , while

the safety projection layer maps them into feasible actions:

āt = P(ãt). (47)

Therefore, the critic evaluates the action-value of the actions that are physically imple-
mented in the residential energy environment, rather than the uncorrected raw actions.

In practice, two Q-networks are used to mitigate the overestimation bias commonly
observed in the value function approximation. Let Qθ1 and Qθ2 denote the two critic
networks parameterized by θ1 and θ2. The target Q-value is computed as

yt = rt + γ

(
min
i=1,2

Qθ′i
(st+1, at+1)− α log π(at+1|st+1)

)
, (48)

where θ′i represents the parameters of the target networks and at+1 is sampled from the
current policy.

The critic networks are optimised by minimising the mean-squared Bellman error

LQ = E(st ,at ,rt ,st+1)

[(
Qθi (st, at)− yt

)2
]
. (49)

3.3.4. Policy Optimisation

The actor networks generate stochastic policies for the battery and EV agents. The
policy is updated by maximising the expected Q-value while considering the entropy
regularisation term. The policy optimisation objective can be expressed as

Lπ = Est∼D [α log π(at|st)−Q(st, at)], (50)

where D denotes the replay buffer that contains previously collected transitions. In the
proposed safe MASAC framework, the replay buffer stores the projected feasible action
rather than the original raw action. Specifically, after the actor networks generate raw
actions ãt, the safety projection layer maps them into feasible actions āt = P(ãt). The
projected action āt is then executed in the residential energy environment, producing the
reward rt and the next state st+1. Therefore, each transition stored in the replay buffer is
defined as

(st, ot, āt, rt, st+1, ot+1), (51)
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where ot and ot+1 denote the agent observations before and after the transition.
This storage strategy is adopted because the reward and the next state are generated

by the projected feasible action, not by the raw action. If the raw unsafe action were stored
while the environment actually executed the projected action, the replay buffer would
contain an inconsistent state–action–reward–next-state relationship. Such inconsistency
would make the critic approximate the value of actions that were not physically executed,
which could destabilise MASAC training. By storing the projected feasible action, the critic
update remains consistent with the actual environment transition.

Accordingly, the critic loss is computed using the projected action:

LQ = E(st ,āt ,rt ,st+1)∼D

[(
Qθi (st, āt)− yt

)2
]
. (52)

During policy optimisation, the raw action sampled from the current policy is also passed
through the same safety projection before being evaluated by the critic:

āπ
t = P(ãπ

t ), ãπ
t ∼ π(·|st). (53)

The actor objective is therefore written as

Lπ = Est∼D [α log π(ãπ
t |st)−Q(st, āπ

t )]. (54)

This design improves training stability by ensuring that both critic learning and actor
optimisation are based on the feasible action space induced by the safety projection layer.

3.4. Safety-Constrained Action Projection

Although reinforcement learning provides a flexible framework for solving complex
sequential decision-making problems, the actions generated by the learned policies may
violate physical or operational constraints if they are directly applied to the residential
energy system. To prevent unsafe operation, a safety-constrained action projection layer
is introduced between the MASAC agents and the residential energy environment. This
layer converts the raw actions generated by the actor networks into feasible actions before
environment execution.

Let ãt = (P̃b(t), P̃ev(t)) denote the raw joint action generated by the battery and EV
agents at time step t. Consistent with the signed power convention defined in Section 2,
a positive power command represents charging, while a negative power command rep-
resents discharging. The safety projection operator P(·) maps the raw joint action into a
feasible action:

at = P(ãt), (55)

where at = (Pb(t), Pev(t)) denotes the projected feasible action executed by the residential
energy environment.

3.4.1. Battery Power and SOC Projection

The battery projection first clips the raw signed battery command into the allowable
signed power range:

P0
b (t) = clip

(
P̃b(t),−Pdis,max

b , Pch,max
b

)
, (56)

where Pch,max
b and Pdis,max

b denote the maximum charging and discharging powers of the
battery, respectively. Since positive power represents charging and negative power repre-
sents discharging, the corresponding non-negative charging and discharging components
are obtained as

Pch,0
b (t) =

[
P0

b (t)
]+

, Pdis,0
b (t) =

[
−P0

b (t)
]+

, (57)
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where [x]+ = max(x, 0). Since both components are derived from the same signed com-
mand, they satisfy

Pch,0
b (t)Pdis,0

b (t) = 0. (58)

Therefore, simultaneous battery charging and discharging are eliminated by construction.
The battery SOC at the next time step is calculated as

SOCb(t + 1) = SOCb(t) +
ηch

b Pch
b (t)− Pdis

b (t)/ηdis
b

Eb
∆t. (59)

To ensure that SOCb(t + 1) remains within the admissible range [SOCmin
b , SOCmax

b ], the
maximum feasible charging and discharging powers imposed by the current SOC are
derived as

Pch,SOC
b (t) =

(
SOCmax

b − SOCb(t)
)
Eb

ηch
b ∆t

, (60)

Pdis,SOC
b (t) =

(
SOCb(t)− SOCmin

b
)
Ebηdis

b
∆t

. (61)

The SOC-feasible charging and discharging powers are then obtained by

Pch
b (t) = min

(
Pch,0

b (t), Pch,max
b , Pch,SOC

b (t)
)

, (62)

Pdis
b (t) = min

(
Pdis,0

b (t), Pdis,max
b , Pdis,SOC

b (t)
)

. (63)

Finally, the projected signed battery action is reconstructed as

Pb(t) = Pch
b (t)− Pdis

b (t). (64)

This projected battery action satisfies the battery power limits, SOC limits, and charg-
ing/discharging mutual exclusivity constraint.

3.4.2. EV Availability and SOC Projection

The EV projection follows the same signed power convention as the battery. A positive
EV power command represents charging, while a negative EV power command represents
discharging or vehicle-to-home operation. The raw signed EV action is first clipped into
the allowable signed power range:

P0
ev(t) = clip

(
P̃ev(t),−Pdis,max

ev , Pch,max
ev

)
. (65)

The corresponding non-negative charging and discharging components are obtained as

Pch,0
ev (t) =

[
P0

ev(t)
]+

, Pdis,0
ev (t) =

[
−P0

ev(t)
]+

. (66)

Therefore, the EV charging and discharging components also satisfy

Pch,0
ev (t)Pdis,0

ev (t) = 0. (67)

The EV is available for residential energy management only when it is connected to
the household charging point. Its availability is represented by the binary variable ξev(t),
where ξev(t) = 1 indicates that the EV is connected and ξev(t) = 0 indicates that it is absent.
If the EV is not connected, both charging and discharging actions are forced to zero through
the availability multiplier.
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The EV SOC dynamics are expressed as

SOCev(t + 1) = SOCev(t) +
ηch

ev Pch
ev (t)− Pdis

ev (t)/ηdis
ev

Eev
∆t. (68)

To ensure that the EV SOC remains within the allowable range, the SOC-feasible EV
charging and discharging powers are derived as

Pch,SOC
ev (t) =

(SOCmax
ev − SOCev(t))Eev

ηch
ev ∆t

, (69)

Pdis,SOC
ev (t) =

(
SOCev(t)− SOCmin

ev
)
Eevηdis

ev
∆t

. (70)

The final projected EV charging and discharging powers are calculated as

Pch
ev (t) = ξev(t)min

(
Pch,0

ev (t), Pch,max
ev , Pch,SOC

ev (t)
)

, (71)

Pdis
ev (t) = ξev(t)min

(
Pdis,0

ev (t), Pdis,max
ev , Pdis,SOC

ev (t)
)

. (72)

Finally, the projected signed EV action is reconstructed as

Pev(t) = Pch
ev (t)− Pdis

ev (t). (73)

This projection ensures that the EV can only participate in energy management when it
is available, that its SOC remains within the allowable range, and that simultaneous EV
charging and discharging are prevented. Therefore, the projection layer is compatible with
V2H-enabled residential energy management.

3.4.3. Grid Power Projection

After the battery and EV projections, the resulting grid power is calculated from the
household power balance:

Pgrid(t) = Pload(t) + Pch
b (t) + Pch

ev (t)− Ppv(t)− Pdis
b (t)− Pdis

ev (t). (74)

The grid exchange must satisfy
|Pgrid(t)| ≤ Pmax

grid . (75)

If the projected battery and EV actions lead to a grid power violation, a secondary correction
is applied. Let P0

grid(t) denote the grid power before grid correction. If P0
grid(t) > Pmax

grid , the
household is importing too much electricity from the grid. The excess import is calculated as

∆Pimp(t) = P0
grid(t)− Pmax

grid . (76)

In this case, the projection first reduces flexible charging demand, starting from EV charging
and then battery charging:

Pch
ev (t)← max

(
0, Pch

ev (t)− ∆Pimp(t)
)

, (77)

Pch
b (t)← max

(
0, Pch

b (t)− ∆Prem
imp(t)

)
, (78)

where ∆Prem
imp(t) denotes the remaining excess import after EV charging reduction.

If P0
grid(t) < −Pmax

grid , the household is exporting too much electricity to the grid. The
excess export is calculated as
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∆Pexp(t) = −Pmax
grid − P0

grid(t). (79)

In this case, the projection reduces discharging power to decrease the exported power:

Pdis
ev (t)← max

(
0, Pdis

ev (t)− ∆Pexp(t)
)

, (80)

Pdis
b (t)← max

(
0, Pdis

b (t)− ∆Prem
exp (t)

)
, (81)

where ∆Prem
exp (t) denotes the remaining excess export after EV discharging reduction.

The signed actions are then reconstructed as

Pb(t) = Pch
b (t)− Pdis

b (t), (82)

Pev(t) = Pch
ev (t)− Pdis

ev (t), (83)

and the final grid power is recalculated using the power balance equation.

3.4.4. Projection Procedure

The complete safety projection procedure is summarised as follows. First, the raw
battery and EV actions generated by the MASAC actors are clipped to their device-level
signed power ranges. Second, the signed actions are decomposed into charging and
discharging components, which guarantees mutual exclusivity. Third, SOC-based feasible
charging and discharging limits are computed for the battery and EV. Fourth, the EV
availability constraint is enforced so that the EV cannot charge or discharge when it is not
connected. Fifth, the grid power exchange is checked, and flexible charging or discharging
actions are corrected if the grid import/export limit is violated. Finally, the corrected
feasible actions are executed in the residential energy environment.

This explicit projection procedure ensures that the reinforcement learning policy does
not rely solely on soft reward penalties to learn feasibility. Instead, infeasible actions are
corrected before execution, which improves training stability and deployment safety. The
reward function still encourages economically efficient behaviour, but physical constraints
are enforced directly by the projection layer.

It should be noted that the proposed framework does not rely on the cost function to
avoid simultaneous charging and discharging. Since each storage device is controlled by a
single signed power command and the charging/discharging components are obtained
from its positive and negative parts, the mutual exclusivity condition Pch

i (t)Pdis
i (t) = 0,

i ∈ {b, ev}, is guaranteed by construction at every decision time step. Therefore, no
additional binary exclusivity variable is required.

4. Simulation Setup and Evaluation
4.1. Residential Energy System Configuration

To evaluate the performance of the proposed energy management framework, a
residential energy system consisting of photovoltaic generation, household load demand,
a battery energy storage system, and an electric vehicle is considered. The system is
connected to the power grid and operates at an electricity rate that varies by time of use.
The simulation environment is designed to capture the key characteristics of residential
energy systems with distributed renewable energy and flexible energy storage devices.

Figure 2 illustrates the simulation environment used for the residential energy man-
agement case study. The environment consists of rooftop PV generation, household load
demand, a stationary battery energy storage system, an EV, and a bidirectional grid con-
nection. At each decision time step, PV generation, load demand, electricity price, battery
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SOC, EV SOC, and EV availability are provided to the energy management controller. The
controller then determines the battery and EV charging/discharging actions, while the grid
power exchange is calculated according to the power balance relationship.

Figure 2. Simulation environment configuration for the residential energy management case study.

The photovoltaic generation system is a rooftop solar installation that is typically
found in residential buildings. The PV generation profile follows a normalised daily
solar generation pattern that reflects variations in solar irradiance throughout the day.
The generated photovoltaic power is scaled according to the installed capacity of the
photovoltaic system. To capture the stochastic nature of renewable generation, small
random fluctuations are introduced into the PV profile during simulation.

The domestic electricity demand is modelled using a typical residential load profile
with time-varying consumption patterns over a 24 h period. The load profile reflects
common daily activities, with increased electricity consumption in the morning and evening
hours. To account for variability in household energy consumption, random noise is
added to the base load profile, yielding realistic variations in electricity demand across
simulation episodes.

The residential energy storage system is modelled as a lithium-ion battery with speci-
fied energy capacity, charging and discharging power limits, and charging and discharging
efficiencies. The battery state of charge is constrained within a predefined safe operating
range to prevent excessive charging or deep discharging. The battery can store surplus
photovoltaic energy for later use or discharge to support household loads when electricity
prices are high.

In addition to the stationary battery storage system, an electric vehicle is incorporated
into the residential energy system as a mobile energy storage device. The EV battery has
its own energy capacity and charging power limits. Unlike a stationary battery, the EV is
available for charging or discharging only when it is parked at home and connected to the
residential charging infrastructure. The arrival and departure times of the EV are modelled
to reflect typical daily commuting behaviour. When the EV returns home, its battery
SOC is initialised according to a probabilistic distribution that represents the remaining
energy after daily travel. Before leaving the home, the electric vehicle battery must reach a
predefined target SOC to meet the user’s mobility requirements.

The residential energy system interacts with the power grid through the purchase and
sale of electricity. A time-of-use electricity tariff is adopted to represent realistic residential
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electricity pricing schemes. Electricity purchase prices vary throughout the day according
to off-peak, mid-peak and peak periods, while electricity export to the grid is compensated
at a fixed selling price. These price signals provide economic incentives for energy storage
devices to shift energy consumption and generation over time.

The entire energy management process is simulated on a daily operational horizon.
The day is discretised into multiple decision time steps with a fixed duration ∆t. At
each time step, the energy management controller determines the charging or discharging
actions of the battery and the electric vehicle based on the current state of the system
and predicted future information. The environment then evolves according to the sys-
tem dynamics described in Section 2.2, and the resulting operational cost is recorded for
performance evaluation.

In this simulation environment, the proposed reinforcement learning-based energy
management method can be evaluated under realistic residential operating conditions,
including stochastic renewable generation, uncertain load demand, dynamic electricity
pricing, and EV mobility behaviour.

To improve the reproducibility of the case study, the main system, mobility, and
operational constraint parameters used in the residential energy management simulation
are summarised in Table 2. These parameters define the PV-BESS-EV residential system,
the EV mobility pattern, and the feasible operating region used by the proposed safe
MASAC controller.

Table 2. Unified simulation parameters of the residential energy management case study.

Category Parameter Value

Time setting Decision interval, ∆t 0.5 h
Time setting Daily scheduling horizon 24 steps
Time setting Testing horizon 35 days
Training setting Minimum episode length 48 steps
Training setting Maximum episode length 120 steps
BESS Battery capacity, Eb 13.5 kWh
BESS Maximum charging power, Pch,max

b 7.0 kW
BESS Maximum discharging power, Pdis,max

b 7.0 kW
BESS Charging/discharging efficiency, ηch

b /ηdis
b 0.95/0.95

BESS Physical SOC range, SOCmin
b /SOCmax

b 0.10/0.90
BESS Operational SOC reserve, SOCop,min

b 0.11
BESS Initial SOC, SOCb(0) 0.60
BESS Terminal SOC target, SOCterm

b 0.30
EV EV battery capacity, Eev 40.0 kWh
EV Maximum charging power, Pch,max

ev 7.0 kW
EV Maximum V2H discharging power, Pdis,max

ev 7.0 kW
EV Charging/discharging efficiency, ηch

ev /ηdis
ev 0.95/0.95

EV SOC operating range, SOCmin
ev /SOCmax

ev 0.20/0.90
EV Initial SOC, SOCev(0) 0.50
EV Target SOC before departure, SOCtar

ev 0.90
EV mobility Daily trip energy 12.0 kWh
Grid Maximum import power, Pimp,max

grid 10.0 kW
Grid Maximum export power, Pexp,max

grid 10.0 kW

Electricity tariff Off-peak purchase price, λ
o f f
buy 0.20 £/kWh

Electricity tariff Mid-peak purchase price, λmid
buy 0.30 £/kWh

Electricity tariff Peak purchase price, λ
peak
buy 0.35 £/kWh

Electricity tariff Electricity export price, λsell 0.10 £/kWh

In addition to the system-level simulation parameters, the economic and penalty
coefficients used in the objective function are summarised separately in Table 1. This
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separate table is provided to clarify the cost calculation and avoid overloading the unified
simulation parameter table. These parameters correspond to the electricity transaction cost,
battery degradation cost, EV battery degradation cost, ramping penalty, battery terminal
SOC penalty, and EV departure requirement penalty defined in Section 2.3. The time-of-use
purchase price is divided into off-peak, mid-peak, and peak periods, while the export price
is assumed to be fixed during the simulation horizon.

4.2. Training Configuration and Implementation Details

The proposed energy management framework is trained using the multi-agent soft
actor–critic (MASAC) algorithm described in Section 3. The training process is conducted
in the simulated residential energy environment introduced in Section 4.1, where each
episode corresponds to one full-day energy management cycle.

The overall training procedure of the proposed MASAC controller is shown in Figure 3.
At the beginning of each episode, the residential environment is initialised with the daily
PV profile, load profile, EV availability pattern, battery SOC, and EV SOC. The battery
and EV actor networks generate raw continuous actions according to their observations.
These actions are processed by the safety projection layer before being executed in the envi-
ronment. The environment then returns the reward, next state, and updated observations.
The transition is stored in the replay buffer, and mini-batches are sampled to update the
centralised critic and decentralised actor networks.

Figure 3. Training procedure of the proposed safe MASAC controller.
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The reinforcement learning controller consists of two independent actor networks that
represent the battery agent and the EV agent, respectively. Each actor network outputs
continuous charging or discharging power commands for the corresponding device. A cen-
tralised critic network is used during training to evaluate the agents’ joint actions based on
the global system state. This centralised training strategy enables the learning process to
capture the coupling relationships among different distributed energy resources.

Both the actor and critic networks are implemented using fully connected multi-layer
perceptrons. The actor networks output the parameters of Gaussian action distributions,
which are subsequently transformed into feasible charging and discharging power com-
mands through a bounded activation function. The critic network estimates the joint
action-value function over the system state and the joint actions of the battery and EV
agents. To improve training stability and mitigate overestimation bias, two critic networks
are used following the twin-Q learning mechanism.

Experience replay is used to improve the sample efficiency of the learning process.
During training, the actor networks first generate raw continuous actions for the battery
and EV agents. These raw actions are then processed by the safety projection layer to obtain
feasible actions that satisfy power, SOC, EV availability, charging/discharging exclusivity,
and grid exchange constraints. The feasible projected actions are executed in the residential
energy environment and are stored in the replay buffer together with the corresponding
states, observations, rewards, and next states. Therefore, each stored transition contains
the actually executed projected action rather than the original raw action. Mini-batches
of transitions are randomly sampled from the replay buffer to update the actor and critic
networks, thereby breaking temporal correlations between consecutive samples while
maintaining consistency between stored actions and actual environment transitions.

To further stabilise training, target critic networks are maintained and updated using
Polyak averaging. The policy networks are optimised using stochastic gradient descent
with the Adam optimiser. The entropy temperature parameter in the MASAC algorithm is
automatically adjusted during training to balance exploration and exploitation. Through
repeated interactions with the environment, the agents gradually learn coordinated control
policies that minimise the long-term operational cost of the residential energy system.

The main hyperparameters used in the reinforcement learning training process are
summarised in Table 3. These parameters were selected based on commonly used config-
urations in deep reinforcement learning applications for energy management and were
empirically validated to ensure stable training performance.

Table 3. Key training parameters of the proposed MASAC framework.

Parameter Value

Discount factor (γ) 0.99
Soft update coefficient (τ) 0.005
Replay buffer capacity 106

Batch size 256
Actor learning rate 3× 10−4

Critic learning rate 3× 10−4

Actor network hidden layers 256, 256, 256
Critic network hidden layers 256, 256, 256
Initial entropy temperature 0.2
Target entropy adaptive
Training environment steps 105

Warm-up steps 5× 103
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During training, reinforcement learning agents first perform a warm-up phase in which
actions are randomly sampled to populate the replay buffer. After sufficient experiences
have been collected, the MASAC algorithm begins updating the actor and critic networks
using sampled mini-batches. The training process continues until the specified number of
environment interaction steps is reached. The trained policies are then evaluated using the
testing procedures described in the following subsection.

4.3. Benchmark Strategies and Evaluation Metrics

To assess the effectiveness of the proposed multi-agent reinforcement learning frame-
work, several benchmark control strategies are implemented for comparison. These baseline
methods represent commonly used heuristic approaches for residential energy management
and provide reference performance levels under identical operating conditions.

4.3.1. Benchmark Energy Management Strategies

Two rule-based energy management strategies are adopted as benchmark methods.
The first baseline is a price-greedy strategy, which adjusts charging and discharging

actions according to the current electricity price. When the electricity price is lower than
a predefined reference level, the battery is charged to store energy for future use. When
electricity prices are relatively high, the battery discharges to meet household demand and
reduce grid electricity purchases. Similarly, the electric vehicle is charged when electricity
prices are low, provided that the vehicle is available at home. This strategy is a typical
price-driven scheduling rule widely used in residential energy management.

The second baseline is a fixed-night charging strategy. In this strategy, the battery and
electric vehicle are charged primarily at night, when electricity prices are generally lower.
During the daytime hours, the battery may discharge to support the household load. This
type of strategy reflects simple time-based scheduling rules commonly used in residential
charging systems and EV home charging devices.

These rule-based strategies are designed without learning or prediction capabilities
and therefore serve as reference methods for evaluating the advantages of the proposed
reinforcement learning-based approach.

4.3.2. Evaluation Metrics

The performance of different energy management strategies is evaluated using several
quantitative metrics that reflect both economic performance and operational reliability.

The primary evaluation metric is the total daily operational cost. To avoid repeating the
objective function, the total cost used for evaluation is calculated according to Equation (20).
It includes the electricity transaction cost, stationary battery degradation cost, EV battery
degradation cost, battery ramping penalty, battery terminal SOC penalty, and EV departure
requirement penalty. A lower total operational cost indicates a more economically efficient
energy management strategy.

In addition to economic performance, the reliability of EV charging is evaluated using
the EV charging success rate. This metric measures the proportion of simulation episodes
in which the EV battery reaches the required target SOC before departure. A higher EV
charging success rate indicates greater satisfaction with the user’s mobility requirements.

To evaluate battery safety, the battery SOC violation count is also recorded. This metric
counts the number of time steps during which the battery’s SOC exceeds its allowable op-
erating range. A well-designed energy management strategy should avoid such violations
and maintain the battery SOC within its safe operating limits.
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Furthermore, the equivalent full cycle (EFC) metric is used to estimate the battery’s
cycling intensity. The EFC value is calculated from the cumulative variation in the battery’s
SOC over the simulation horizon, providing an approximate measure of battery usage and
degradation. Excessive cycling can accelerate battery wear and reduce its useful life.

By combining these evaluation metrics, the performance of different energy man-
agement strategies can be comprehensively assessed in terms of economic efficiency,
operational reliability, and battery usage characteristics. The proposed reinforcement
learning-based method is compared with benchmark strategies in the same simulation
scenarios to demonstrate its effectiveness in coordinating distributed energy resources
within residential energy systems.

5. Case Study and Results Discussion
5.1. Case Study Description

The proposed digital-twin-aided safe MASAC framework is evaluated using a resi-
dential energy management case study over a 35-day testing horizon. The testing horizon
consists of five complete weekly cycles, with each week containing 168 hourly decision
steps. The considered residential system includes PV generation, household load de-
mand, a stationary battery energy storage system, an EV, and bidirectional grid power
exchange. The objective is to evaluate whether the proposed controller can reduce the
total operational cost while maintaining EV charging reliability and satisfying system-level
operational constraints.

The proposed safe MASAC controller is compared with two benchmark strategies: a
TD3-based reinforcement learning controller and a rule-based baseline. The TD3 controller
represents a deterministic deep reinforcement learning benchmark, while the rule-based
strategy represents a simple heuristic control method with limited adaptability. All methods
are evaluated under the same PV generation, load demand, electricity price, EV availability,
and operational constraint settings. Therefore, the comparison focuses on the economic
performance, constraint satisfaction, and operational behaviour of the different energy
management strategies.

5.2. Overall Cost Comparison

Table 4 summarises the main economic results over the 35-day testing horizon. The
proposed safe MASAC controller achieves the lowest total operating cost of 365.8245,
corresponding to an average daily cost of 10.4521. In comparison, the TD3 controller
obtains a total cost of 391.4694, while the rule-based baseline obtains a total cost of 374.6889.
Therefore, the proposed method reduces the total cost by 6.55% compared with TD3 and
by 2.37% compared with the rule-based baseline.

Table 4. Overall cost comparison over the 35-day testing horizon.

Method Total Cost Daily Cost Reward Penalty

MASAC 365.8245 10.4521 −365.8245 0.0000
TD3 391.4694 11.1848 −391.4694 0.0000
Rule-based 374.6889 10.7054 −374.6889 0.0000

The cost comparison indicates that the proposed safe MASAC controller provides
the best economic performance among the three methods. Since the total penalty is zero
for all methods, the difference in reward is mainly caused by economic operation rather
than constraint violation. This means that the proposed controller achieves cost reduction
while maintaining feasible system operation. The improvement over TD3 suggests that
the stochastic policy and entropy-regularised learning mechanism of SAC/MASAC can
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provide more robust exploration and better energy scheduling behaviour in this residential
control problem. The improvement over the rule-based strategy further shows that learning-
based control can exploit storage flexibility more effectively than fixed heuristic rules.

Figure 4 illustrates the total cost comparison among the three methods. Although the
rule-based controller performs better than TD3 in this case, it is still less economical than
the proposed safe MASAC controller. This result shows that the rule-based baseline can
provide stable operation, but its lack of predictive and adaptive decision-making limits its
ability to fully utilise local PV generation and storage flexibility.

Figure 4. Total energy cost comparison over the 35-day testing horizon.

5.3. Constraint Satisfaction and Charging Reliability

Table 5 presents the constraint satisfaction results. All three methods achieve 100%
EV departure success and 100% battery terminal SOC success over 35 departure events.
The grid violation rate is 0% for all methods, indicating that all controllers satisfy the grid
power constraint during testing.

Table 5. Constraint satisfaction and EV charging reliability.

Method EV Success Batt. Terminal Success Grid Violation Events

MASAC 100% 100% 0% 35
TD3 100% 100% 0% 35
Rule-based 100% 100% 0% 35

These results are important because they show that the cost reduction achieved by
the proposed method is not obtained by relaxing operational constraints or sacrificing EV
readiness. Instead, the proposed safe MASAC controller reduces the operating cost under
the same feasibility conditions as the benchmark methods. The safety projection layer
ensures that the executed actions remain within the admissible operating region, while the
reward design encourages the EV to satisfy its departure SOC requirement.

5.4. Battery and EV Operating Behaviour

Table 6 summarises the battery and EV SOC statistics during the testing period. The
proposed safe MASAC controller has a final battery SOC of 0.5785 and a mean battery SOC
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of 0.5516. In contrast, TD3 maintains a much higher final battery SOC of 0.9000 and a mean
battery SOC of 0.6943. This indicates that TD3 behaves more conservatively by keeping
the battery at a high SOC level, which limits its ability to use the battery for economic
energy shifting. The rule-based method also maintains a relatively high mean battery SOC
of 0.6980, but its minimum battery SOC is 0.3661, suggesting that it does not fully exploit
the lower feasible SOC region.

Table 6. Battery and EV SOC statistics during the testing horizon.

Method Final Batt. SOC Mean Batt. SOC Min Batt. SOC Final EV SOC Mean EV SOC Min EV SOC

MASAC 0.5785 0.5516 0.1100 0.9000 0.7512 0.6000
TD3 0.9000 0.6943 0.1100 0.9000 0.7541 0.6000
Rule-based 0.6739 0.6980 0.3661 0.6713 0.6971 0.5928

Figure 5 shows the battery SOC trajectories during the first seven days. The proposed
safe MASAC controller uses the battery more actively than the rule-based method and
avoids keeping the battery at a persistently high SOC level. This more flexible operation
allows the battery to absorb PV surplus and discharge during economically favourable
periods. TD3 also uses the battery, but it frequently drives the battery to the upper SOC
boundary, indicating a stronger tendency toward over-conservative storage retention. In
contrast, the rule-based strategy follows a more regular pattern and does not exploit the
full operational flexibility of the battery.

The EV results also show that the proposed method maintains charging reliability
while allowing flexible operation. The final EV SOC of the proposed method is 0.9000,
and the minimum EV SOC remains at 0.6000. The rule-based method has a lower final
EV SOC of 0.6713, but it still achieves 100% departure success because the EV reaches the
required SOC at each departure event. Therefore, the EV-related results indicate that all
methods satisfy the mobility requirement, while the proposed method achieves this with
better overall economic performance.

Figure 6 compares the EV charging power profiles during the first seven days. The
proposed safe MASAC controller charges the EV mainly when it is available and when
charging is economically beneficial. Compared with the rule-based strategy, which follows
a more predefined charging pattern, the proposed method exhibits more adaptive charging
behaviour. This enables the EV to satisfy departure requirements without unnecessary
charging during less favourable periods.

Figure 5. Battery SOC comparison during the first seven days.
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Figure 6. EV charging power comparison during the first seven days.

5.5. Grid Energy Exchange and Renewable Energy Utilisation

Table 7 compares the grid import, grid export, import cost, export revenue, and battery
throughput of the three methods. The proposed safe MASAC controller achieves the
lowest grid import, with 1608.48 kWh over the testing horizon. This is lower than TD3 and
the rule-based method, which import 1764.28 kWh and 1863.32 kWh, respectively. The
proposed method also has the lowest grid export, with 194.10 kWh, compared with 356.26
kWh for TD3 and 484.14 kWh for the rule-based method.

Table 7. Grid energy exchange and battery utilisation over the testing horizon.

Method Grid Import Grid Export Gross Import Cost (£) Export Revenue (£) Battery Throughput
(kWh) (kWh) (kWh)

Proposed safe MASAC 1608.48 194.10 385.23 19.41 960.51
TD3 1764.28 356.26 427.10 35.63 751.80
Rule-based 1863.32 484.14 423.10 48.41 436.36

These results show that the main advantage of the proposed method is not simply
exporting more energy to the grid. Instead, the proposed controller imports less electricity,
exports less surplus PV energy, and uses the battery more effectively to increase local
energy utilisation. This is further supported by the self-consumption and self-sufficiency
indicators. The proposed safe MASAC controller achieves a self-consumption ratio of
86.03% and a self-sufficiency ratio of 41.61%, both of which are higher than TD3 and the
rule-based baseline. TD3 achieves a self-consumption ratio of 74.36% and a self-sufficiency
ratio of 35.96%, while the rule-based method achieves 65.16% and 32.13%, respectively.

The battery throughput results also confirm the more active storage utilisation of
the proposed method. The proposed safe MASAC controller has a battery throughput of
960.51 kWh, corresponding to 27.44 kWh per day. In comparison, TD3 and the rule-based
method have daily battery throughputs of 21.48 kWh and 12.47 kWh, respectively. This
indicates that the proposed controller uses the battery more actively to absorb local PV
generation and reduce grid imports. Although higher battery throughput may increase
cycling-related degradation, the degradation cost is already included in the objective func-
tion. Therefore, the obtained cost reduction reflects a trade-off between battery utilisation
and economic benefit.

Figure 7 presents the grid power exchange profiles during the first seven days. Positive
values represent grid import, while negative values represent grid export. The proposed
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safe MASAC controller shows lower overall dependence on grid import and reduces
unnecessary export compared with the benchmark methods. The rule-based strategy has a
lower peak import, but it exports more energy to the grid and does not achieve the lowest
total cost. This suggests that reducing peak import alone is not sufficient to minimise the
overall energy cost when the objective function mainly considers energy transaction cost
rather than demand charges or peak penalties.

Figure 7. Grid power exchange comparison during the first seven days.

5.6. Peak Power Behaviour

Table 8 reports the peak import and peak export values. The proposed safe MASAC
and TD3 controllers both reach the grid import limit of 10.00 kW during some periods,
while the rule-based method has a lower peak import of 5.71 kW. However, the rule-based
method also has the largest peak export magnitude of −3.50 kW, compared with −1.41 kW
for the proposed method and −2.80 kW for TD3.

Table 8. Peak grid import and export comparison.

Method Peak Import (kW) Peak Export (kW)

Proposed safe MASAC 10.00 −1.41
TD3 10.00 −2.80
Rule-based 5.71 −3.50

This result provides an important interpretation of the optimisation objective. The pro-
posed method is designed to minimise total operational cost, including energy transaction
cost, degradation cost, ramping cost, and penalty terms. It is not explicitly designed for
peak shaving. Therefore, the proposed method may occasionally use the full grid import
capacity if this is economically beneficial and does not violate the grid constraint. If peak
demand reduction is required as an additional objective, a demand charge term or peak
power penalty could be incorporated into the reward function in future work.

5.7. Weekly Cost Stability

The weekly cost results show that all three methods experience a slightly higher cost
in the first week and then converge to a stable weekly pattern. The weekly costs of the
proposed safe MASAC controller are 75.7946, 72.5075, 72.5075, 72.5075, and 72.5075. The
TD3 controller obtains 81.6707 in the first week and 77.4497 in the following weeks, while
the rule-based method obtains 76.1755 in the first week and 74.6284 in the following weeks.

This pattern is mainly caused by the initial SOC condition at the start of the test-
ing horizon. After the first weekly cycle, the system enters a repeated steady operating
pattern. In the stable weekly cycles, the proposed safe MASAC controller consistently
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achieves the lowest cost, confirming that its economic advantage is not limited to the initial
transient period.

5.8. Ablation Study on Multi-Agent Coordination

To verify the benefit of the proposed multi-agent structure, an ablation study is con-
ducted by comparing the proposed MASAC controller with a single-agent SAC controller.
The single-agent SAC baseline uses one centralised actor to generate the joint battery and
EV actions, while the proposed MASAC framework uses two decentralised actors and a
centralised critic. Both methods are trained and tested under the same residential energy
environment, reward function, safety projection layer, neural network size, replay buffer
setting, learning rates, and testing horizon.

Table 9 reports the comparison between the proposed MASAC controller and the
single-agent SAC baseline over the 35-day testing horizon. The proposed MASAC controller
achieves a total operating cost of 365.8245, while the single-agent SAC controller obtains
a total operating cost of 372.0309. Therefore, MASAC reduces the total operating cost by
1.67% compared with the single-agent SAC baseline. In addition, the MASAC controller
achieves 100% EV departure success, 100% battery terminal success, and 0% grid violation.
In contrast, the single-agent SAC controller achieves 100% EV departure success and 0%
grid violation, but its battery terminal success rate is only 60%, with a penalty of 14.2500.
This indicates that the proposed MASAC method provides better coordination between
economic operation and terminal battery SOC recovery.

Table 9. Ablation comparison between MASAC and single-agent SAC over the 35-day testing horizon.

Method Total Cost Daily Cost Penalty EV Success Batt. Terminal Success

MASAC 365.8245 10.4521 0.0000 100% 100%
Single-agent SAC 372.0309 10.6323 14.2500 100% 60%

The ablation results demonstrate the coordination advantage of the proposed MASAC
framework. In the single-agent SAC baseline, the battery and EV actions are generated by
one centralised policy. Although this policy can output joint actions, it does not explicitly
separate the decision responsibilities of the stationary battery and EV. As a result, the
single-agent SAC controller tends to operate the battery more aggressively and fails to
restore the battery SOC to the required terminal range in some testing episodes. This is
reflected by its lower final battery SOC of 0.3100 and lower mean battery SOC of 0.3591,
compared with 0.5785 and 0.5516 under MASAC.

In contrast, the proposed MASAC controller allows the battery and EV to learn
dedicated device-level policies while the centralised critic evaluates their joint effect on
the system-level objective. This centralised-training and decentralised-execution structure
improves the coordination between battery energy shifting and EV charging requirements.
Compared with single-agent SAC, MASAC reduces grid import from 1683.7874 kWh to
1608.4795 kWh and reduces grid export from 296.4633 kWh to 194.0974 kWh. These results
indicate that MASAC makes more effective use of local PV generation and battery flexibility,
while maintaining better terminal SOC feasibility.

Overall, the single-agent SAC ablation confirms that the performance improvement
of the proposed method is not only due to the use of SAC itself, but also due to the multi-
agent coordination structure. The MASAC framework achieves lower cost, better battery
terminal SOC satisfaction, and lower grid dependence under the same environment and
safety projection settings.
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5.9. Sensitivity Analysis Under Forecast Errors

To evaluate the robustness of the proposed digital-twin-aided MASAC controller
under degraded forecast quality, a forecast error sensitivity analysis was conducted. The
trained MASAC policy was tested under different levels of forecast noise without additional
retraining. Multiplicative Gaussian noise was added to the short-term PV and load forecasts
generated by the digital twin, while the actual PV generation, load demand, EV availability,
system dynamics, reward calculation, and safety projection layer remained unchanged.
Therefore, this experiment evaluates the influence of digital twin prediction errors rather
than disturbances in the physical environment.

For each forecast noise level, five random seeds were tested over the same 35-day
testing horizon. Table 10 summarises the mean and standard deviation of the main per-
formance indicators. The original testing condition without additional forecast noise
corresponds to the 0% case, where the proposed MASAC controller achieves a total op-
erating cost of 365.8245. When the forecast noise level increases to 5%, 10%, 20%, and
30%, the total operating cost increases by 0.10%, 0.58%, 2.86%, and 5.17%, respectively.
This indicates that forecast accuracy influences the economic performance of the controller,
because less accurate predictive information reduces the ability of the policy to schedule
battery and EV operation in advance.

Table 10. Sensitivity analysis under different forecast noise levels.

Forecast Noise Total Cost Cost Increase Feasibility Indicators

0% 365.8245± 0.0000 0.00% 100%/100%/0%

5% 366.1923± 0.2936 0.10% 100%/100%/0%

10% 367.9626± 0.8024 0.58% 100%/100%/0%

20% 376.2705± 1.0971 2.86% 100%/100%/0%

30% 384.7290± 0.5962 5.17% 100%/100%/0%
Note: The feasibility indicators are reported as EV departure success/battery terminal SOC success/grid violation.

Although higher forecast errors increase the operating cost, the operational feasibility
of the proposed controller remains stable. Across all tested noise levels, the EV departure
success rate remains 100%, the battery terminal SOC success rate remains 100%, and the
grid violation rate remains 0%. The average penalty also remains close to zero under all
noise levels, confirming that the safety-related constraints are not violated by forecast
degradation. This result shows that forecast information mainly supports anticipatory
economic scheduling, while the physical feasibility of the executed actions is protected by
the safety projection layer.

The detailed energy exchange results further explain the cost increase under higher
forecast errors. As the forecast noise level increases from 0% to 30%, the grid import rises
from 1608.4795 kWh to 1730.0062 kWh, and the grid export rises from 194.0974 kWh to
312.3247 kWh. This indicates that inaccurate forecasts reduce the controller’s ability to
align battery operation with future PV surplus and load demand, leading to less effective
local energy utilisation. Nevertheless, the proposed MASAC controller maintains reliable
EV charging and feasible grid operation because all actions are corrected by the safety
projection layer before execution.

The sensitivity analysis therefore confirms that the proposed framework is more
sensitive to forecast errors in terms of economic performance than in terms of safety. Even
when the digital twin predictions become less accurate, infeasible battery, EV, and grid
actions are corrected before being applied to the residential energy environment. As a
result, the proposed MASAC controller maintains EV charging reliability and operational
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feasibility under forecast uncertainty. Further robustness improvement can be achieved by
training the policy with forecast-noise augmentation or by incorporating uncertainty-aware
forecasting models in the digital twin.

5.10. Discussion

The case study results demonstrate that the proposed digital-twin-aided safe MASAC
framework achieves the best overall economic performance while maintaining full opera-
tional feasibility. Over the 35-day testing horizon, the proposed method reduces the total
operating cost from 391.4694 to 365.8245 compared with TD3, corresponding to a 6.55%
reduction. Compared with the rule-based baseline, the cost is reduced from 374.6889 to
365.8245, corresponding to a 2.37% reduction. At the same time, the proposed method
maintains 100% EV departure success, 100% battery terminal SOC success, and 0% grid
violation rate.

The superior performance of the proposed method can be explained by its more
effective use of local renewable energy and battery flexibility. Compared with TD3 and the
rule-based baseline, the proposed controller achieves the lowest grid import and the lowest
grid export. This indicates that it is better at consuming local PV generation within the
household rather than exporting surplus energy to the grid. The higher self-consumption
ratio and self-sufficiency ratio further confirm this advantage.

The comparison with TD3 shows that satisfying constraints alone is not sufficient
to achieve the best economic performance. Although TD3 also achieves 100% constraint
satisfaction, it tends to maintain a high battery SOC and exports more energy to the grid.
This conservative storage behaviour reduces its ability to shift energy across time and leads
to a higher total cost. In contrast, the proposed safe MASAC controller uses the battery
more actively and economically.

The rule-based baseline provides stable and feasible operation, but its fixed control
logic limits its flexibility. It has a lower peak import than the learning-based methods, but it
imports more total electricity and exports more PV energy. This shows that the rule-based
strategy is conservative and easy to implement, but it cannot fully exploit the economic
value of battery storage, EV flexibility, and PV self-consumption.

Overall, the results confirm that the proposed safe MASAC framework can achieve a
better balance between cost minimisation, EV charging reliability, battery utilisation, and
operational safety. The method is particularly effective because it combines learning-based
decision-making, safety-constrained action execution, and adaptive use of distributed
energy resources in a unified residential energy management framework.

6. Conclusions
This paper proposed a digital-twin-aided safe MASAC framework for renewable-

integrated residential energy management. The proposed method coordinates the operation
of PV generation, household load, battery storage, EV charging, and grid power exchange
under time-varying electricity prices and uncertain operating conditions. The digital twin
module was used to maintain an updated virtual representation of the residential energy
system by synchronising operating states, updating degradation-sensitive parameters, and
generating short-term PV/load forecasts for augmented agent observations. Meanwhile, a
safety projection layer was introduced to ensure that the executed control actions satisfy
key physical and operational constraints, including battery SOC limits, EV availability
requirements, and grid power exchange limits.
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A 35-day residential case study was conducted to compare the proposed MASAC
controller with TD3 and a rule-based baseline. The results show that the proposed method
achieved the lowest total operating cost while maintaining full operational feasibility.
Specifically, MASAC reduced the total cost by 6.55% compared with TD3 and by 2.37%
compared with the rule-based baseline. All three methods achieved 100% EV departure
success, 100% battery terminal success, and 0% grid violation rate, indicating that the cost
improvement of MASAC was obtained under the same feasibility conditions rather than
through constraint relaxation.

The detailed operational analysis further showed that the proposed MASAC controller
used the battery more actively and improved local renewable energy utilisation. Compared
with the benchmark methods, MASAC achieved lower grid import, lower grid export, a
higher PV self-consumption ratio, and a higher self-sufficiency ratio. These results indicate
that the proposed framework can better exploit the flexibility of residential storage and EV
charging to reduce grid dependence and improve economic performance.

Future work will extend the proposed framework in several directions. First, more
realistic forecasting models, real-world residential datasets, and advanced battery health
estimation models will be incorporated to evaluate the robustness of the controller under
practical uncertainty and long-term degradation. In particular, physics-guided degradation
trajectory prediction and lightweight SOH/RUL estimation models can be integrated into
the digital twin to support more accurate degradation-aware energy management.
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DRL Deep Reinforcement Learning
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HEMS Home Energy Management System
MASAC Multi-Agent Soft Actor–Critic
PV Photovoltaic
RES Renewable Energy Source
RL Reinforcement Learning
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SAC Soft Actor-Critic
SOC State of Charge
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