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Abstract— The adoption of renewable energy sources (RESs)
has reshaped power systems, causing voltage violations and power
imbalances. Electric vehicles (EVs) not only add to this burden
but also offer potential active and reactive power support. Distri-
bution system operators (DSOs) need effective distributed control
to manage uncertainties and address privacy concerns. Existing
research has mainly relied on model-based methods to solve active
and reactive power control problems. However, these studies
often neglect the privacy issues of EV owners and lack effective
incentives to encourage users to participate in power regulation.
This article proposes a supply-side and demand-side cooperative
control framework based on a multiagent twin-delayed deep
deterministic (MATD3) policy gradient. This framework uses
graph convolutional networks (GCNs) as the state encoder and
combines a regional-global joint supervision strategy to construct
the safety control policy, while the federated-EVs control scheme
is employed to protect user privacy and enhance user satisfaction.
Simulation results show that the proposed algorithm demon-
strates superior performance and advantages in peak voltage
control, reducing peak power loss, meeting user demands, and
improving user benefits.

Index Terms— Active and reactive power control, electric
vehicles (EVs), federated learning (FL), graph convolutional net-
works (GCNs), multiagent reinforcement learning, multiobjective
optimization.

I. INTRODUCTION

ITH the rapid growth in the number of electric vehicles
(EVs) [1], it is expected that their market share will
exceed 20% of the total number of vehicles within the next
decade [2]. However, the large-scale integration of EVs into
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active distribution networks (ADNs) poses significant chal-
lenges to systems. On the one hand, EVs’ charging demand
significantly affects power systems’ load characteristics; on
the other hand, charging behaviors exhibit high uncertainty
due to variations in users’ driving patterns, potentially lead-
ing to system instability [3]. Moreover, the global energy
decarbonization has accelerated in recent years, driving the
transition from fossil fuels to clean renewable energy sources
(RESs). In this context, RESs, such as photovoltaic (PV)
and wind power (WT), have been widely integrated into the
ADN. However, due to the variability and intermittency of
renewable energy, their rapid deployment may lead to voltage
violations [4].

Integrating EVs and RESs increases grid operational com-
plexity, but their flexibility offers new scheduling opportunities
for distribution system operators (DSOs) [5]. PV inverters
and WT can help to maintain the voltage stability through
dynamic reactive power regulation [6]. While EVs can be
flexible scheduling units, their full potential depends on user
participation. It is critical to incentivize users to allow their
EVs to participate in grid scheduling tasks. This requires
addressing two key challenges: 1) protecting user privacy and
2) providing sufficient economic incentives. Many regulation
strategies necessitate real-time monitoring of users’ electricity
consumption and charging behavior, raising privacy con-
cerns [7]. In addition, users are more likely to cooperate if they
receive significant economic benefits [8]. Efficiently schedul-
ing power resources for ADN stability while safeguarding
privacy remains a critical and challenging problem, highlight-
ing the need for intelligent coordinated control algorithms.

A. Literature Review

1) Traditional Control and Optimization Approaches: Tra-
ditional voltage regulation in ADNs relies on on-load tap
changers (OLTCs) and circuit breakers (CBs), which suf-
fer from mechanical inertia and limited responsiveness [9].
Optimization-based methods, such as optimal power flow
(OPF) [10] and droop control, require accurate system mod-
eling and deterministic parameters, making them difficult to
adapt to increasingly dynamic and uncertain ADN conditions.
These limitations significantly reduce their practical applica-
bility in real-time voltage regulation scenarios.

2) DRL-Based Voltage Control: To overcome the reliance
on accurate models, deep reinforcement learning (DRL) has
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emerged as a data-driven, model-free approach for volt-
age control [12]. Wang et al. [13] applied a multiagent
deep deterministic policy gradient (MADDPG) algorithm for
autonomous voltage regulation, but lack policy constraint
mechanisms, risking unsafe actions. Cui et al. [14] introduced
a Lipschitz-constrained neural network controller to improve
safety, yet overlook interactions across ADN subregions. Wang
et al. [15] proposed a constrained soft actor—critic (SAC)
method to limit agent actions within safe zones, enhancing
local security but lacking interzone coordination. Similarly,
Gao et al. [16] introduce a consensus-based MARL framework
to align neighboring agents’ policies, yet its localized design
hinders scalability in ADNs with complex topologies and high-
EV penetration.

However, most of these methods are limited by their
inability to jointly optimize global and local control. As EVs
proliferate in ADNSs, this becomes more critical, since tradi-
tional DRL struggles with the high-dimensional, time-varying
interactions between distributed EV agents and the grid [17].

3) Vehicle-to-Grid (V2G) Coordination: EVs, through V2G
and grid-to-vehicle (G2V) technologies, can regulate both
active and reactive power, enabling load flattening and improv-
ing energy utilization [18], [19]. For example, Semsar et al.
[20] designed an onboard V2G charger with flexible power
factor support to improve the bidirectional power flow feasi-
bility, but it focuses only on hardware, lacking system-level
coordination. Singh and Tiwari [21] showed V2G’s economic
potential but assume static pricing and full user compliance,
overlooking behavioral uncertainties and incentives. Deilami et
al. [22] propose a real-time coordination strategy for ADNs;
yet, they rely on centralized control, ignoring privacy, latency,
and scalability challenges under high EV integration.

Nonetheless, effective EV participation requires access to
users’ charging behaviors, locations, and power needs. With-
out proper handling, this dependency can lead to significant
privacy concerns and user reluctance. Existing schemes often
lack mechanisms to balance user benefits with grid regulation
demands.

4) FL in Power Systems: Federated learning (FL) enables
local model training without sharing raw data [23]. It has been
applied to residential demand response [24], [25], multimicro-
grid coordination [26], and combined with transfer learning to
address data scarcity [27]. For V2G, studies [28], [29], [30]
integrate FL with MARL to protect charging behavior privacy.
The above studies assume static, homogeneous environments
and struggle with dynamic EV scenarios. They also neglect
the joint optimization of privacy, user incentives, and grid
performance, limiting practical applicability.

However, these methods face limitations in dynamic
EV-integrated ADNs, with challenges in real-time agent coop-
eration and maintaining learning performance amid mobility
and heterogeneity. Coordination among user privacy, federated
training, and grid stability control also remains underexplored.

5) GNNs for Power Systems: The graph-structured nature of
ADNs makes graph neural networks (GNNSs) particularly suit-
able for modeling spatial dependencies. Graph convolutional
networks (GCNs), in particular, have shown promise in voltage
control tasks by accurately capturing the relationships between

buses and branches [31]. However, existing applications of
GCNs are typically restricted to static or homogeneous set-
tings. They often struggle with inconsistent feature dimensions
across different ADN zones and fail to explicitly bridge global
and local observations, which is crucial in distributed DRL
applications.

It is worth noting that [42] proposes a DRL-based algorithm
to optimize charging station revenue, user comfort, and waiting
costs, enabling real-time scheduling of EVs. In [43], a GCN-
based MARL algorithm is introduced for voltage and reactive
power control in ADN. Employing regional partitioning and
distributed control under partial observability, it achieves
localized optimization. Shang et al. [44] developed a V2G
scheduling framework that integrates edge computing with
FL, effectively enhancing the model aggregation efficiency
and significantly reducing communication and computation
overhead while preserving user privacy.

B. Contributions

To address the aforementioned issues, this article proposes
an innovative MARL method for the active and reactive
power control of scheduling devices and EVs in the context
of widespread RES integration. The main contributions are
summarized as follows.

1) We model the active and reactive power control of
scheduling devices and EVs in ADN as a decen-
tralized partially observable Markov decision process
(Dec-POMDP). This allows supply-side devices and
demand-side EVs to fully utilize their power for a stable
active power supply and reactive power compensation.

2) We propose a GCN-based module for global and
local state encoding in ADNs. Considering the cou-
pling between ADN subregions and the global system,
we employ the KL divergence loss function to enforce
consistency between global and local policies, thereby
preventing unsafe control strategies.

3) We propose an FL-based training mechanism that
enables each EV agent to learn independently at the local
level without sharing state data, thereby reducing the risk
of data privacy leakage. Furthermore, by incorporating a
user incentive mechanism, we enhance user satisfaction
and encourage active participation in the stable control
of the ADN.

4) Based on multiagent twin-delayed deep determinis-
tic (MATD3), we propose DS-FGMATD3, a joint
supply—demand control framework that stabilizes power
fluctuations from RES, optimizes EV owners’ benefits
and comfort, and enhances overall system stability,
energy efficiency, and user experience.

5) In the Appendix, we integrate a battery degradation
cost model into the reward function to protect the
long-term interests of EV users. Furthermore, we assess
the robustness of two FL aggregation methods under
scenarios involving malicious parameter injection.

C. Paper Organization

The rest of this article is organized as follows. Section II
presents the real-world ADN system model with heteroge-
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Fig. 1. ADN with multiple renewable energy devices.

neous DERs and the Markov decision process (MDP) we
developed. Section III introduces the MARL algorithm used
to address the problem. Section IV discusses the experimental
setup and presents the results of the case studies. Section V
concludes this article.

II. PRELIMINARIES

EVs are an emerging technology that helps DSOs manage
the ADN, as shown in Fig. 1. Modern ADN systems integrate
various distributed RESs, such as PV and WT. Users drive
EVs to work in the morning and return home in the evening,
keeping them connected to charging stations at both locations.
As controllable ADN units, these EVs are coordinated by the
DSO through OPF to maintain grid stability.

This article has two main objectives. On the supply side,
we regulate controllable devices in the ADN, including invert-
ers, static VAR compensators (SVCs), energy storage systems
(ESSs), and EVs, to ensure the voltage stability and minimize
power losses. On the demand side, we optimize EV scheduling
to maximize user benefits, protect privacy, and support DSOs
in maintaining power system stability.

A. ADN Stability Control Problem Formulation

To simulate the real electricity demand and the ADN
environment, we divide the ADN into residential, commercial,
and industrial zones, each equipped with PV, WT, ESS,
and EV charging stations. The active power from renewable
energy systems may lead to voltage violations, which can be
mitigated by adjusting the reactive power of the inverter and
SVC, thereby reducing power losses and maintaining voltage
stability.

An ADN is typically modeled as a tree structure, where
V=0,1,..., N represents N+ 1 buses,and £E =1,2,...,L
represents L branches. For each i € N, let v; be the voltage
magnitude, 6; be the phase angle, and s; = p; + jg; be
the injected complex power. The injected active power is
expressed as p; = pt — pl, where pf is the active power
generated by the energy generation system, and pf is the active
power demanded by the load. The reactive power injection is
qi = qf —q!, where ¢ is the reactive power from the inverters
and SVCs, and qi’ is the reactive power demanded by the load.

The injected active and reactive power are then given by the
following equations:

pi = Uiz Z &8ij — Vi z V; (g,‘j Cos 0,‘.,‘ + b,‘j sin 9,'_]') (1)

JjeV; JeVi
qi = _Ui2 Z bij + v; Z Uj(gij sin@,-j + bij COS@U) (2)
JeVi Jjevi

where i € V\ {0} and V; := {j | (i, j) € E} represent the
set of indices of buses connected to bus i. The parameters g;;
and b;; represents the conductance and susceptance on branch
(i, j), respectively, and 6;; = 6; —6,; represents the phase angle
difference between buses i and j. The objective of voltage
control in the ADN is to mitigate severe voltage fluctuations
and reduce power losses by regulating the reactive power of
inverters or SVCs within the system. Equation (3) presents the
objective function of voltage control

min > 1 > Py IV0) = vl 3)
" oter | Goj)et
P = rijlij )
Q;S::/C/lnv,Min < QEYC < Qi:/C/lnv,Max Vi,t (5)
2 2 2
PV/WT PV/WT PV/WT .
(ef!™) + (PIYT) < (SPUNT) i (©)
0<PS <P —PT < PIY <0, EF < Ej <EP Vit
@)
.esd
Bt = B+ P — ®)
1
S sd
PP =0 9)
v<v({)<V. (10)

The power loss in the ADN is calculated using (4), where
r;; represents the resistance of branch i, j, and /;; represents
the square of the current magnitude from node i to node j.
Equation (5) constrains the reactive power of the compen-
sation equipment within the lower bound Q5™ Min 4ng

i
VC/Inv, M . .
the upper bound Q3™ M¥ The active and reactive power

i,t
outputs of each PV or WT generation unit are constrained
by the corresponding apparent power Sfva'. In (7), Ef
represents the energy state of storage unit i at time step f,
while PS5 and Pffd represents the charging and discharging
powers, respectively. E7, also represents the energy range
constraint. Equation (8) models the time-coupling charac-
teristics of the energy storage device, where 7} indicates
the charging efficiency. Equation (9) represents the mutually
exclusive constraint for ESS, and (10) defines the voltage
operation constraints in the ADN, where the lower bound v
and upper bound v specify the allowable voltage range for

node i.

B. EV Regulation Problem Formulation

Users’ travel patterns and electricity prices impact EV
charging and discharging. V2G systems require adaptive con-
trol strategies to balance user needs while optimizing energy
flow, reducing peak demand, and storing off-peak energy. This
article investigates the role of V2G in integrating renewables,
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mitigating wind and solar intermittency, and improving RES
utilization. We assume that all EVs regulate both active and
reactive power, with the primary demand-side objective being
to maximize the benefits for EV owners, as shown in the
following equation:

N
max > > (pos P = poa - P
t =1
l N
DD (@ 05 — s 05

t i=1

(1)

where p;, represents the active power selling price at time
t and Pf;’d represents the active power injected into the grid
by EV i at time ¢. Similarly, p,, represents the active power
buying price at time 7, and P;}° represents the active power
absorbed by the EV from the grid at time ¢. g, , is the reactive
power selling price at time 7, Qf}° represents the reactive
power injected into the grid by the EV at time ¢, g, , represents
the reactive power buying price at time ¢, and Q?“;d represents
the reactive power absorbed by the EV from the grid at time .
The constraints for the V2G problem described in this article
are defined as follows:

0= PSS/ P < i BT/ P (12)
07 = 07 = O (13)
2 2
(P5)"+(QF)" = S (14)
P P =0 (15)
P At
. i
Bl = Ef a7 POS - At- Lo
l
where  Pf° / PftVd in (12) represents the charging and

discharging active power of EV i at time period ¢. In (13),

i\ represents the reactive power regulation range constraint.
In (14), S;},,. represents the maximum apparent power of EV
i. Equation (15) describes the mutual exclusivity constraint
for charging and discharging EV i. In (16), E;}, | represents
the state of battery energy storage of EV i at time 7 + 1,

and 1n®° and 7Y represent the charging and discharging

1 1
efficiencies of EV i.

C. EV Benefit-Oriented ADN Stability Control Formulation

The widespread adoption of PV systems, WT, and ESS
complicates the voltage control due to the intermittent nature
of RESs. At the same time, the increasing deployment of EVs
and charging stations presents new opportunities for power
management. EVs can function as flexible load regulation
devices, assisting DSOs in mitigating grid inefficiencies and
fluctuations in renewable energy generation, while also pro-
viding a new revenue stream for EV owners.

This article presents a dynamic ADN model with het-
erogeneous distributed energy resources (DERs) to simulate
real-world scenarios. Reactive power regulation devices, such
as inverters and SVCs, are deployed within the ADN to
enhance stability. We assume that EV users’ residences and
businesses are distributed across various ADN nodes, with
users connecting their EVs to charging stations according
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to commuting schedules, resulting in dynamic load charac-
teristics. Due to privacy concerns, the DSO lacks critical
information about EV states, complicating its role in ADN
stability control. To address this, we propose an FL method,
where local model parameters are uploaded and processed
by the DSO, ensuring privacy and security while enabling
efficient ADN regulation. Furthermore, we introduce an EV
control algorithm based on FL and MARL to optimize power
operation and management.

D. Decentralized Partially Observable MDP

DSOs manage power demand by regulating macrolevel
ADN parameters. However, the increasing share of
RESs and their intermittent nature complicate ADN
management. We model the EV cooperative ADN stability
control problem as a discrete-time step Dec-POMDP
problem. The Dec-POMDP of this article is defined as
(1,S§,0,A,R,T,y), where I represents the number of
agents (ESS, PV/WT inverters, SVC, and EV), S is the
global state, s € S, 0; € Oy is the local observation of
agent i, Aj.; is the action set, a; € A;.; and r; € Ry.; are the
reward function, and 7 (s, 01.7, a;.;, w) is the state transition
function, where w represents uncertainty parameters in the
environment. The time interval between two consecutive time
steps is At = 3 min. Based on its control strategy (o), the
agent i selects an action g;, at a time step ¢ based on its local
observation o;,. The environmental transitions to the next
state 5,1 according to the state transition function 7. Agent
i receives a reward r;, and obtains a new local observation
0;,+1- The interaction process continues, generating the
observation, action, and reward trajectories for each agent:
Ti = 0i1,0i1,Fi1,0i2,...,FiT, where O,‘ X .A,' X O,' — R.
The objective of each agent is to maximize its cumulative
discounted reward R; = Z,TZ  ¥'1i;. The experiments in this
article are conducted on the IEEE standard bus model.

Before modeling the RL task, we make the following
assumptions.

1) Smart charging stations are deployed at every node,
enabling EVs to exchange energy with the ADN through
these stations.

2) The charging and discharging behaviors of the EVs is
controllable by the DSO, with the ability to dynamically
adapt to system requirements.

3) Each charging station has access to information about
the currently connected EVs, allowing the DSO to
implement control strategies via the stations.

4) Agents in different ADN zones can receive state infor-
mation through the distributed public communication
network and take corresponding actions.

5) All EV observations and decisions remain local. Charg-
ing stations only execute commands and do not share
personal data—such as SOC or travel patterns—with the
DSO. EV users can disconnect from the system at any
time.

The components of the Dec-POMDP are detailed as follows.

1) Local Observation: The observation space of each
agent is constructed based on the zoning results of the
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electricity usage type, and it is a subset of the global

observation. In this article, 0;; € O; is defined as

L L RES RES EV L
{pe,k’ qe,k’ pe,k ’ qe,k » Ve,ks 6&,/" Si.t ’ ﬂe,k}’ where pe,k

and qi « Tepresent the active power and reactive power
of the load at the eth node in the kth region, respectively.
p?%s and qfi%s represent the active power and reactive
power generated by RESs at the eth node in the kth
region, respectively. v, and 6, represent the voltage
magnitude and phase angle at the eth node in the kth
zone, respectively. SFY denotes the real-time battery
capacity of the EV i. m,; represents the real-time
electricity price at the eth node in the kth zone.
Action: The agents are selected as power regulation
devices such as ESS, PV/WT inverters, and EVs. For
the agents deployed on PV/WT inverters and SVC, the
continuous action space of each agent i is given by A; =
{a;; : —c < a;; < c}, where a;, represents the ratio of
the maximum reactive power that can be generated at
the time step z. The reactive power generated by the
ith PV/WT inverter or SVC is calculated using ¢”¥ =
a; ;((sM)2 — (pma)2)1/2 " where s™* is the maximum
apparent power at the ith node, which depends on the
inverter’s physical capacity. When a;, > 0, the PV/WT
inverter injects reactive power into ADN; otherwise,
it absorbs reactive power from ADN. The load tolerance
of the ADN determines the value of parameter c. For
the agents deployed in ESS and smart charging station,
each agent i at time step ¢ controls its action a;, =
[a},.a!,] € A;, adjusting both active and reactive power.
The action consists of two parts: the active power action
af . € [—1,1] representing the magnitude of active
power for charging (positive) or discharging (negative),
and its value is the percentage of the active power
capacity Pftv € [—Pjev, Piev]- The reactive power action
a;{[ € [—1, 1], represents the magnitude of reactive
power absorption (positive) or injection (negative). Its
value is a percentage of the reactive power limit Q7 €
[—((ST)> = (P2, ((57)* = (P)) /7], where D is
the set of all agents.

State Transfer: The state transition is described by the
formula s,41 = 7 (s, 0i4, 114, @), Which is influ-
enced by the current environmental state s;, the local
observations o;; and actions a;, of all agents, as well
as the stochastic factors in the environment w, =
[;r,” w2, Pifl, ift, PngS . In this scenario, w, reflects
the randomness of lighting, wind energy fluctuations,
node electricity price variations, and the stochastic
nature of user electricity consumption behavior. The
ADN’s active and reactive power prices, 7, and n,Q,
depend on the power market. The active and reactive
power demand of residential electricity, PlLr and Ql.LJ,
are influenced by user behavior. The renewable energy
generation, Pt is affected by fluctuations in solar irra-
diation and wind speed. We express the active power of
EV as Pf;’ = PftVC+PftVd, where Pf;’c and Pf;’d represent
the charging and discharging active power, respectively.
We define a time-varying availability variable u; ,, where
u;; = 1 indicates that the EV is connected to a charging

4)

station at time ¢, and u;, = O indicates that it is not
connected. Note that the EV cannot charge and discharge
simultaneously, so they are described separately

ev _ rev
eve __ .- evp pev i it e peve
P" =min(g;, P7Y, —r;.e""‘At ), P =>0
1
P =0, otherwise
E¢ rfs‘i
P& = max(a; " P, ————), ifP'=<0
’ ) At )
P4 =0, otherwise
where 7%¢ and n®*® represent the charging and discharg-

ing efficiencies, respectively. In addition, the energy
change E7} of an EV from time step 7 to £ + 1 is shown
in the following equation:

evd
o Ezz+(P,-?:°n?V°— a )At, i, = 1
i1 = n;
E}y — E", if u;, = 0.
(17)

Reward Function: The reward function consists of four
components to optimize the coordination between EVs
and ADN: 1) penalizing voltage deviations to ensure
stability; 2) minimizing power losses to enhance effi-
ciency; 3) maximizing user benefits through optimal EV
charging and discharging; and 4) applying a penalty to
the battery state to ensure sufficient capacity for travel.
These objectives and constraints facilitate efficient inter-
action between EVs and the grid, as demonstrated in the
following equation:

1
Ry= | e D h) a1y (4°5)
|V| ieV
—p-(xf B+l 00 - lf(EfYr)

(18)

where /,(-) is a voltage barrier function, the L3-shaped
function [12] is adopted as the form of the voltage bar-
rier function, and [, (q*®%) = 1/|D||q*®|, represents
the reactive power-generation loss. Since it is difficult to
obtain the power loss of the entire power grid in practice,
I4(-) is used in the simulation environment as an easily
computable approximation of power loss. The barrier
function [, (-) describes the degree of deviation of the bus
voltage from v, where higher values indicate greater
deviations. «, 8 € (0, 1) is used to balance multiple
targets in the reward function, which we empirically
set to 0.1 and 0.5, respectively. Compared with con-
strained [45] or hierarchical [46] MARL approaches, the
scalar reward design employed in this work achieves a
better balance of simplicity, efficiency, and interpretabil-
ity. Our objectives—such as voltage regulation, power
loss minimization, and user benefit—are quantifiable and
can be effectively combined into a single reward signal.
Meanwhile, key operational constraints (e.g., voltage
and power limits) are incorporated into the environment
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or action space, ensuring physical feasibility during
training. While hierarchical MARL is better suited for
multitimescale or multilevel decision problems, our set-
ting involves agents operating on the same temporal and
control scale. Therefore, a flat MARL structure with
scalar rewards offers a practical and robust solution
for our decentralized, privacy-aware framework. The
mathematical expression of the L3-shaped function is
given in the following equation:

lu (vi,t)

_Ja-|vie — vet| = b, if v, — Ver| > 0.05
I ~/\/'(v,-,, | Vref, 0.1) +d, otherwise
(19)

where the hyperparameters a— d are set to 2, 0.095,
0.01, and 0.04, respectively. N (vi; | vref, 0.1) denotes
the probability density function of a normal distribution
with mean v, = 1.0 p.u. and standard deviation
0.1. The threshold of 0.05 defines the safe voltage
deviation margin. This function combines the steep
penalty of a Laplace-like form outside the safe range
with Gaussian smoothness within it. It enforces strong
penalties for large voltage deviations while offering
gentle guidance in the safe zone, thus providing effective
gradients for optimization. We approximate the total
reactive power loss in the reward function to improve
training efficiency, as its exact computation is complex
and computationally intensive. Specifically, we define
l;(q®®S) = 1/|D||¢"®5|,. where |D| is the number
of regulating devices and ¢RFS denotes their reactive
power output vector. This £;-norm term quantifies the
regulation extent and serves as a surrogate for reactive
losses, thereby indirectly reflecting energy loss trends
in the network. We use the level of range anxiety /;(-)
as a penalization term for the EV’s battery capacity.
It is a nonlinear mapping between the remaining and
maximum battery capacity, which describes the dynamic
characteristics of the driver’s anxiety level as the battery
level changes, as shown in the following equation:

e(EL,) + e(Es)|
€0) + [¢(Efax) |

RA% =

(20)

where E;iep represents the remaining battery capacity
of the current EV user, ES. is the maximum battery
capacity of the current EV, and £(x) is a logarithmic
function used to quantify the impact of battery capacity.
The model normalizes the anxiety value by using the
denominator term (£(0) + £(Efax)), which keeps the
anxiety value within a standardized range. Supply-side
agents are responsible for maintaining voltage stability
and enhancing user benefits within a multiagent frame-
work. At each time step ¢, they receive a shared global
reward, defined as the average instantaneous reward of
all EV agents: Ry, = 1/N vazl R,;. This shared reward
mechanism aligns the objectives of the supply-side with
demand-side performance, thereby promoting system

stability and user satisfaction. It facilitates implicit coor-
dination between the supply side and demand side.

E. User Incentive Index

We have designed a user incentive index (UII) to evaluate
EV users’ participation in the smart grid, considering both
economic benefits and range anxiety. This index quantifies
user participation in the grid’s scheduling and optimization.
The UII is defined as I = o - P — B - RA, where P repre-
sents the user’s economic benefit, reflecting the reward from
participating in smart grid scheduling. A higher P increases
participation enthusiasm. RA represents range anxiety due
to insufficient battery capacity, with a lower RA enhancing
participation willingness. The parameters o and S are the
weight coefficients for economic benefit and range anxiety,
respectively, and are set to « = 0.5 and 8 = 0.5 in this article.

III. PROPOSED METHOD

This section presents the methodology proposed in this
article. To effectively address the stability control issue of
EVs coordinating with ADN, we introduce a novel MARL
method called demand and supply side—federated graph
MATD3 (DS-FGMATD?3), as depicted in Fig. 2. The three
key implementation details of this method are essential for
solving the problem.

First, we propose a dynamic framework for joint demand-
supply regulation, where EVs and the ADN collaborate using
multilevel strategies based on the local data and global feed-
back.

Second, to address demand-side privacy concerns, we intro-
duce an FL-based training mechanism, allowing EVs to update
the global model without sharing local data. This approach
incentivizes user participation in ADN stability control and
mitigates RES power fluctuations.

Finally, we enhance the MATD3 method to optimize the
renewable energy variability and EV charging uncertainty.
Leveraging global supervision and distributed strategies, the
algorithm balances demand-side charging with supply-side
energy smoothing, guided by ADN voltage levels and user
benefits.

A. GCN-Based Safety Strategies Learning for Distribution
Networks

We assume an electrical zoning scheme based on urban
planning, consisting of residential, commercial, and industrial
zones, as shown in Fig. 2. Electricity consumption varies
across these zones: residential areas peak at night, commercial
zones during working hours, and industrial zones remain high
throughout the day. EV users commute between zones to
simulate daily travel patterns.

The ADN is modeled as a graph, where nodes represent
buses and edges denote electrical connections. In this non-
Euclidean space, nodes exhibit voltage coupling and power
flow correlations. Network partitioning leads to subgraphs
with varying node counts and inconsistent feature dimen-
sions. While zero padding is a common workaround, it may
introduce noise and distort data. In contrast, GCNs leverage
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Fig. 2. DS-FGMATD3 framework for joint supply-side and demand-side regulation.

Fig. 3. GCN-based state feature encoder module.

local topology to aggregate node features, ensuring structural
integrity and consistent representation. This enables agents to
infer both local states and global dynamics for coordinated
and safe control. Thus, we employ GCNs to encode local and
global features, which are then input into the policy network,
as shown in Fig. 3. The ADN is represented as G = (V, E),
where V is the set of nodes and E is the set of edges. Each
node v; € V corresponds to a local observation o;, while
the global observation S represents the overall features of the
ADN. GCN performs both global and local encoding of the
observations, as shown in the following equation:

HD = ¢(5*%25*%H“>W“>) Q1)
where H> and W are the feature and weight matrices of the
Ith layer, respectively, ¢ is the activation function, A = A+1
is the adjacency matrix with self-connections, and D is its
diagonal matrix. Since the global observation dimension is
slightly larger than the local one after feature mapping, MLP
modules are used to align them.

The processing flow of the local encoder mirrors that of
the global encoder. However, the local encoder comprises
four independent GCN modules, each dedicated to processing
local observations of a specific dimension. Each module learns
the corresponding feature representations. After encoding the
states with GCN, we obtain the global and local features,
represented as H = HY, H'. Each agent generates corre-
sponding decisions based on the encoded observations. HY

and H! both use the same encoding method, which first
processes the observations through an observation encoder.
We chose the gated recurrent unit (GRU) to construct this
module. It converts H9 and H* into an embedding vector and
obtains the global module decision aft and the local module
decision aﬁt after a multilayer perceptron feature mapping.
To ensure that the agent adheres to safety guidelines while
performing control tasks, we introduce additional constraints
that fine-tune the decisions made by the agent and reduce the
occurrence of dangerous decisions.

After obtaining the global action a¥ and local action a’,
we aim to go beyond a single observational perspective in
decision-making. Since PV and WT are affected by local
sunlight and wind speed, they exhibit regionality and random-
ness. Moreover, ADN’s power flow cannot be fully decoupled,
making coordination between global and local actions crucial
for system safety. To enforce consistency, we apply a KL
divergence loss, termed consistency loss, as shown in (22).
Note that a¢ only supervises a’ and is not executed in prac-
tice. Consistent losses enhance coordination between global
and local decisions, ensuring the agent considers electricity
demand and subzone interactions

Lu = DKL{N(ag, aaz)HN(ae, aaz)}. (22)

B. FL-Based Learning for Demand-Side Strategies

We employ an FL-based mechanism to safeguard data
privacy. In this approach, the EV agent processes its state
information and makes decisions locally, without transmitting
raw data to the central server. This decentralized strategy
improves privacy by enabling agents to use their data for
model training while minimizing the risk of data leakage.

Each EV agent i inputs its state information O, and the
state of the ADN into the actor network. The local model
parameters 6; are updated by minimizing the actor and critic
losses. As the EV’s location changes in real time, its local
observations vary accordingly. After training, each EV agent
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uploads its updated model parameters 6% to the central
server, which ensures privacy and reduces communication
overhead, as described in (23). The DSO-managed central
server aggregates these updates using a weighted average to
update the global model, facilitating collaborative learning

N

leobal — % Z Oinew.

i=1

(23)

After updating the DSO central server, the global model
parameters 02'°°3 are redistributed to all agents for the next
local training round. This iterative process continues until
convergence, enabling the DSO to intervene in real-time
strategies via federated averaging. The FL process transmits
only local model parameters (i.e., network weights) from EV
agents to the DSO, without exposing raw inputs or action
trajectories. The DSO aggregates these to update the global
model, ensuring no EV-specific behavior or status is revealed
during training or execution.

C. MATD3-Based Strategy Learning and Objective
Optimization

We will not further elaborate on the MATD3 algorithm [32].
This article combines the maximum entropy strategy with deep
deterministic policy gradient to improve policy stability and
sample efficiency. The state-value function aims to minimize
the mean squared error between the critic-network output and
the target critic-network output, as shown in the following
equation:

‘CQ (HQ) = Er(s,a,r,s’,d)~D|:(Q(s, Cl|9Q) —(R+y(—4d

2
mi/nQ/(s/,a’|9_Q)))i| (24)

where t(s,a,r,s’,d) ~ D consists of states S, actions A,
rewards R, next states S’, and termination flags d sampled from
the experience replay buffer D. Q(s, al#?) is the critic net-
work evaluating the state—action value after executing action
a in state S. R is the reward from the environment, and y
is the discount factor for future rewards. d is the termina-
tion flag. The MATD3 algorithm trains two critic networks
and uses the smaller Q-value to avoid overestimation, with
min, Q'(s’, a’'|6~2) being the minimum of the two Q-values.

We employ the maximum entropy learning mechanism and
entropy function to enhance the agent’s exploration of the
environment and improve policy discovery. The actor network
seeks to balance expected benefits and entropy, minimizing
the following equation:

T
Ly (Qﬂ) = _Er(s,a,r,s’,d)fvrrg |:Z Vt(r(su a;)—

=0
aH(ﬂ(-Ist)))] (25)

where R(s;, a,) is the immediate reward and « is the entropy
regularization coefficient. In this article, we set it to 0.1.

H(m(-|s;)) is the entropy of the policy at state s,, defined
in (26), which measures the uncertainty of the policy

H(m(|s;) = —Zﬂ(dlst)logﬂ(alst)~ (26)

The parameters of the target actor network and target
critic network are updated by using a more stable soft-update
method as shown in the following equation:

< M2+ (1-)p¢
< AT + (1 — \)o™.

09,

; 27
o 27)

We use delayed policy updates, as shown in (28), where €
is the exploration noise and c is used to limit the noise size

a = my(s) +clip(e, —c, ¢), € ~ N (0,0?). (28)

When we optimized the GCN to extract the observation
features of the ADN, we used the loss function in (29) to
train the neural network, which is designed to improve the
representation of the state features extracted by the GCN

Lg=mL,O7)+mLy(0%) +ne”

where e™" is a reward-based regularization term and r rep-
resents the sum of rewards. By jointly optimizing this loss
function, the GCN can more effectively learn the state fea-
tures of ADN. Algorithm 1 provides the pseudocode for the
MAGRL algorithm of AVC. We set 1;—n3 to 0.4, 0.3, and 0.3,
respectively.

(29)

—r

IV. EXPERIMENTAL EXAMPLES
A. Case Study Setup

We conduct a case study on a modified IEEE 14-bus
distribution network, where each bus is equipped with an EV
charging station. The network includes three PV systems, one
WT, four ESSs, and four SVCs, with the topology depicted in
Fig. 2.

The dataset is split 80% for training and 20% for testing
to ensure independent evaluation. The training set is used
for model fitting and tuning, while the testing set evaluates
generalization on unseen data. It includes three years of user
active/reactive power and renewable generation data from
Wallonia’s Elia Group [33], with load data from [40]. Samples
are collected every 3 mi, totaling about 525600 points. The
first 33 months (481440 samples) form the training set, and
the last three months (44 160 samples) form the testing set.
Splitting occurs before feature extraction and normalization.
More details appear in [12] and [41]. The four price parameters
in (11)—active power selling price p;,, active power buying
price py,, reactive power selling price g, ,, and reactive power
buying price g, ,—are based on real-time pricing data from the
State Grid Anhui Electric Power Company. The reactive power
price is set at 10% of the active power price. Fig. 4 shows the
time-varying electricity prices across different subregions.

The PV and WT systems have apparent power capacities
of 50 and 400 kV-A, respectively. The power factor is set to
0.95 for residential nodes and 0.85 for commercial/industrial
nodes. Three users with distinct EV usage patterns are consid-
ered, as detailed in Table I, and the technical parameters for
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Algorithm 1 DS-FGMATD3
1: Initialize critic-networks Q,), Q@,) and GCN network
Fg with random parameters 6}, 6>, Fg.
Initialize target networks 0] <— 0, 0; < 6>, F'g < Fg.
Initialize replay buffer D.
for agenti =1,2,..., N do
Initialize actor-network 74 with random parameters ¢
Initialize target networks ¢’ < ¢.
end for
Set global time step 7' < 0.
for episode=1 to T do
for time step r =1,2,...N do
Interact with environment and obtain a transition
(s,a,r,s") in D.
12: Sample mini-batch of N transitions (s, a, r, s’) from
D.
13:  end for
14:  Update global time step T < T + 1.
15:  for agenti =1,2,...N do

R A S o

_..—
= @

16: Extract global and local observation features H 9 H,
using Fg.
17: Select action with exploration noise using (28), and
observe reward r and new state s’.
18: Store transition tuple (s, a,r, s") in D.
19: for j=1— N, do
20: Update the parameters 6y, 6, of critic using (24)
and generated transitions.
21: end for
22: for j=1— N, do
23: Update the parameters ¢ of actor using (25)
and (26) and generated transitions.
24: end for
25: Soft-update  the parameters of the target
critic-network and target actor-network using (27)
26: Update the parameters Fg of GCN using (29)
27:  end for
28: end for

Electricity Price Changes Over a Day in Different Zones
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Fig. 4. Electricity price trends in different subregions.

the Tesla Model S are provided in Table II. All EVs’ initial
SOCs are set to 100% only at the start of the first training
episode. Thereafter, SOC values evolve dynamically through

TABLE I
BEHAVIORAL CHARACTERISTICS OF EV USERS

Home/Office Work Home Commuting ~ Power Consumption
Person A Node 2/Node 10 AM 9:00- PM 16:00 PM 17:00-AM 8:00 1 Hour 25%
Person B Node 6/Node 14 AM 8:00- PM 17:00  PM 18:00-AM 7:00 1 Hour 20%
Person C Node 13/Node 7 AM 8:30- PM 17:30  PM 18:00-AM 8:00 0.5 Hour 10%
TABLE II
TECHNICAL PARAMETERS OF EV MODELS

Parameter Value

Apparent Power Capacity S (kVA) 16.7 kVA

Maximum Active Power P (kW) 16.7 kW

Battery Capacity £ (kWh) 100 kWh

Charging/Discharging Efficiency n°v¢/n°%? (%)  90%

TABLE III
HYPERPARAMETERS FOR THE MARL ALGORITHM

Parameter Value Parameter Value

Actor learning rate (ag) 1x10° % Soft update rate (1) 1x 10—
Critic learning rate (ayp) 1x10~% Discount factor () 0.99
Actor/Critic architecture 2 layers, 128 nodes ~ Minibatch size (J) 32
Replay buffer size (D) 1x 10° Optimizer for RL/GCN Adam
Number of episodes 600 Random seeds (100, 200, 300)
Target strategy update steps 2 Exploration noise std. (0) 0.2
Clip noise limit (c) 0.2 GCN layers 3
GCN hidden size 128 GCN learning rate 1x10°%
Activation ReLU Dropout rate 0.2
Weight decay 5x 107 GRU encoder hidden size 64
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Fig. 5. Comparison of user training rewards.

interactions with the environment, accurately reflecting EVs’
energy changes over time.

We compare our algorithm with three baseline MARL meth-
ods: 1) MADDPG [34], which employs centralized training
and decentralized execution for collaboration in multiagent
environments; 2) MAPPO [35], a probabilistic algorithm that
enhances policy stability and sample efficiency through impor-
tance sampling; and 3) MAAC [36], which utilizes centralized
training to improve policy learning efficiency. The hyperpa-
rameters of these methods are provided in Table III. While
these methods are widely used in general MARL tasks, their
integration into cooperative power control enhances scalability
for distributed EV-based regulation.

B. Reward Comparison

We compare the strategy quality and convergence speed
of our algorithm with three baseline MARL algorithms
(MADDPG, MAPPO, and MAAC) from the demand-side
perspective, as shown in Fig. 5. The proposed DS-FGMATD3
algorithm outperforms these algorithms in both performance
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TABLE IV
TEST CUMULATIVE REWARDS FOR DIFFERENT ALGORITHMS
Algorithm Person A Person B Person C
DS-FGMATD3 118.98 115.32 116.88
MADDPG 100.69 97.97 89.28
MAPPO 99.86 95.14 90.12
MAAC 89.89 83.29 79.66

and convergence. It reaches stable convergence and the
highest reward within 200 iterations, whereas the comparison
algorithms exhibit significant fluctuations. DS-FGMATD3
achieves higher average rewards for all users (Persons A—C),
while MADDPG, MAPPO, and MAAC show lower rewards
with larger fluctuations. Table IV presents the average
cumulative rewards over 30 test days. To verify the response
characteristics of the supply-side reward and the convergence
process of its strategy at different regulation stages, we present
its time-series evolution curve in the bottom-right subplot of
Fig. 5.

C. Analysis of User Benefits

To evaluate the impact on user benefits, we compare the
proposed algorithm with three mainstream ones, as shown in
Figs. 6 and 7. The results reveal significant differences in
average daily benefits. Our algorithm consistently outperforms
the others. During training, it provides a daily benefit for
Persons A-C that is approximately 50% higher than the
second-best algorithm. For example, Person A’s maximum
benefit reaches ¥10, while the comparison algorithm’s is ¥5;
Person B’s is ¥11 versus ¥5, and Person C’s is ¥12 compared
with ¥7.

During testing, both our algorithm and the comparison algo-
rithms demonstrate high benefit stability. For Persons A-C,
the proposed algorithm outperforms the others by 15%-25%,
with peak benefits around ¥12, while the suboptimal algorithm
achieves a maximum of ¥9. These results confirm that
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Fig. 8. Training/testing ADN power loss (MW) comparison. (a) Comparison
of training power loss. (b) Comparison of testing power loss.

DS-FGMATD3 maintains strong benefit stability throughout
both the training and testing stages.

D. Analysis of Voltage Regulation and Power Loss

To assess the performance of different algorithms in
optimizing power losses and voltage, we compare the
DS-FGMATD3 algorithm with three widely used algorithms.
Fig. 8(a) and (b) present the power loss results during training
and testing, respectively. All algorithms converge effectively
during training, with DS-FGMATD3 achieving the lowest
power loss—50% lower than MADDPG, 60% lower than
MAPPO, and 63% lower than MAAC. Fig. 8(b) shows the
power loss over a 24-h period, where peak consumption in the
morning and afternoon impacts power loss. DS-FGMATD3
consistently outperforms the others, maintaining the lowest
power loss throughout the day.

Figs. 9 and 10 present the bus voltage results for the four
algorithms during both training and testing. As shown in
Fig. 9, MADDPG and MAPPO maintain stable voltage at cer-
tain nodes, demonstrating some robustness to environmental
changes, while MAAC shows significant voltage violations.
In contrast, DS-FGMATD3 maintains smoother and more
stable voltage across all nodes, exhibiting strong robustness
in dynamic environments. The safe voltage range is indicated
by a red dotted line during the testing phase. During peak
periods of electricity consumption and renewable generation,
grid voltage fluctuations increase. Fig. 10 demonstrates that
DS-FGMATD3 effectively keeps the voltage within the safe
range with minimal fluctuations, even amid shocks from
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renewable energy, load demands, and EV charging. In com-
parison, MAPPO and MAAC experience large fluctuations,
particularly during the afternoon peak, struggling to adapt to
rapid changes in load and generation, resulting in local voltage
instability.

E. Analysis of Active and Reactive Power Support of EVs for
ADNs

Fig. 11 shows the active and reactive power control results
for three EVs over 24 h, alongside their SOC variations. The
active power profiles indicate that each EV charges during
low-demand periods and discharges during high-demand peri-
ods to maximize benefits. The reactive power profiles show
that all EVs support grid stability by contributing to reac-
tive power compensation. These results validate the proposed
method’s effectiveness in providing reliable reactive power
support. Integrating EVs into the ADN offers controllable
resources for the DSO, but excessive use of EV batteries
for grid regulation may disrupt commuting and reduce user
satisfaction. The DSO’s regulation causes noticeable SOC
fluctuations, with lower battery levels during peak commuting
hours and active participation in grid management during
working hours and evenings. The experimental results show
that the proposed algorithm effectively keeps battery levels
optimal, ensuring user comfort and economic benefits. Fig. 11
illustrates the total hourly power of EV charging and discharg-
ing aggregated statistically. It does not imply that the battery
undergoes charging and discharging simultaneously.
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Fig. 11.
ADN.

Active and reactive power support provided by different EVs to the

Training UlI for Different Algorithms Testing Ul for Different Algorithms

Person 1
Person 2
Person 3

Person 1
Person 2
Person 3

User Incentive Index (Ull)
User Incentive Index (Ull)

T T T T
DS-FGMATD3 MADDPG  MAPPO MAAC
Algorithms

T T T T
DS-FGMATD3 MADDPG MAPPO MAAC

Algorithms

Fig. 12.  Comparison of training and testing UII for different algorithms.

eeeee c

i

jil i .v|.¢.|‘,nm.lllm]lul.l\”"“hml

o

|

o 00 250 300 a0 E Y 5 10 15 20 2 3
Episode Episode

Fig. 13. Training/testing daily average benefit for users. (a) Training daily
average benefit for users. (b) Testing daily average benefit for users.

F. Comparison of UIl Among Different Algorithms

As shown in Fig. 12, DS-FGMATD3 outperforms all other
algorithms in the UII for all users, both during training and
testing, highlighting its superior ability to balance economic
benefits and range anxiety. In contrast, other algorithms show
significantly lower UII values, confirming that DS-FGMATD3
not only boosts economic benefits but also reduces range
anxiety, increasing user engagement in smart grid schedul-
ing. Its consistent performance across different users further
emphasizes its robustness and adaptability, setting it apart from
other algorithms.

G. Benefit-Oriented Cost Analysis of Battery Degradation

To evaluate the impact of incorporating battery degradation
costs on strategy learning and user benefits, this study monitors
the average daily benefits of Users A—C during both the
training and testing phases. As illustrated in Fig. 13(a) and (b),
the benefits exhibit considerable fluctuations and occasion-
ally become negative. It is important to note that “negative
benefits” are relative, as calendar aging of batteries causes
unavoidable losses even in the absence of V2G participation.
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Fig. 14. Reward comparison under different EV offlines.

With continued training, the strategies converge, allowing
agents to balance grid support and degradation costs opti-
mally. During testing, all users consistently achieve positive
benefits, demonstrating the stability of the proposed algorithm.
These results confirm that the method effectively secures
economic benefits while promoting sustainability and practical
feasibility.

H. Performance Evaluation Under Dynamic Disconnection
of EVs

To evaluate the robustness of the proposed method against
unexpected EV disconnections, a comparative experiment
involving offline users was conducted. The reward curves are
presented in Fig. 14. Users A-C were each offline during
specific intervals (indicated by gray shaded areas). The results
demonstrate that although temporary disconnections cause
fluctuations in other users’ rewards, the overall trend shows
consistent improvement and convergence. The system rapidly
recovers after each disconnection, indicating strong adaptabil-
ity and robustness, thereby confirming the method’s stability
and effectiveness in dynamic and uncertain environments.

L. Impact of UIl Weighting Coefficients on User Incentive
Effectiveness

To evaluate the influence of the weighting coefficients
o and B on the UII, ablation experiments were conducted
using three weight combinations: («, 8) = (0.3, 0.7), (0.5,
0.5), and (0.7, 0.3). These combinations were selected to
investigate how the balance between economic benefits and
range anxiety affects user incentive effectiveness and system
stability. Fig. 15 presents a comparison of the performance of
four algorithms during training and testing across different UII
weight settings. DS-FGMATD?3 consistently outperforms the
other algorithms under all tested configurations, demonstrating
excellent user incentive capability and policy adaptability.
Notably, the highest UII values occur at (¢, 8) = (0.5,0.5)
and (0.3, 0.7), suggesting that user participation peaks when
economic benefits are either dominant or moderately balanced
with anxiety concerns. These findings confirm the robustness
and generalization capacity of DS-FGMATD?3 across varying
user preference models.

J. Analysis of Supply-Side Contributions

To evaluate the contribution of supply-side resources to
voltage stability, Fig. 16 presents the 24-h active and reactive
power outputs of WT, PV, ESS, and SVC. The left figure
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Fig. 15. Ablation study on UII parameter weights.
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Fig. 16. Supply-side power support results.

indicates that WT and PV primarily supply active power, with
PV output peaking during midday to meet the corresponding
load demand. The ESS charges during periods of low load
and discharges during peak demand, thereby flattening the
load curve and reducing the pressure on system regulation.
The right figure illustrates the reactive power responses: as
daytime load increases, reactive power demand also rises.
During periods of high renewable generation, ESS and SVC
jointly provide reactive power compensation. Notably, the
SVC maintains a sustained response during high-risk intervals,
thereby enhancing the voltage stability margin.

These supply-side resources demonstrate effective coordi-
nated control: WT and PV supply clean active power, ESS
mitigates load fluctuations via temporal energy shifting, and
SVC delivers reactive support during peak demand peri-
ods. The results confirm the effectiveness of the proposed
supply-demand coordination strategy in improving voltage
stability and operational efficiency, especially under scenarios
with high-renewable energy penetration.

K. Supply-/Demand-Side-Only Voltage Regulation

To evaluate the effectiveness and limitations of unilateral
control methods, a comparison between: 1) demand-side-only
and 2) supply-side-only regulation strategies, as shown in
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Demand-Side-Only Voltage Regulation

Supply-Side-Only Voltage Regulation
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Fig. 17. Demand-/supply-side-only voltage regulation.
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Fig. 18. Sensitivity analysis of reward function weights.

Fig. 17, the results demonstrate the inherent limitations of
relying exclusively on single-sided resources for dynamic volt-
age control. Demand-side-only regulation results in delayed
responses and inadequate support, particularly at the grid
periphery. Conversely, supply-side-only control exhibits slug-
gish recovery and reduced precision when responding to
dynamic load disturbances.

Experimental results show that single-sided strategies are
insufficient to ensure the stability of distributed power systems,
especially under nonlinear disturbances and spatial variability.
The proposed coordinated supply—demand control mechanism
fully leverages the complementary advantages of both sides,
thereby enhancing the overall responsiveness, robustness, and
effectiveness of voltage regulation.

L. Sensitivity Analysis of Reward Function Weights

To evaluate the impact of reward function (18) weights on
policy performance and mitigate potential bias from improper
configurations, we investigated two key parameters: « (the
penalty weight for reactive power loss) and 8 (the weight for
user profit). Fig. 18 presents the results under various weight
combinations. The findings indicate that changes in these
weights significantly influence both user profit and voltage
control. Specifically, increasing the system objective weight
enhances grid-side regulation but reduces user incentives.
Overall, the agent demonstrates a robust and well-balanced
performance without exhibiting bias toward any single objec-
tive. The selected weights (¢ = 0.1 and 8 = 0.5) yield optimal
results across all evaluation metrics, demonstrating effective
multiobjective coordination.

TABLE V

BEHAVIORAL CHARACTERISTICS OF EV USERS ON IEEE-33BUS AND
IEEE-141Bus

Home/Office

Node3/Nodel2
Node6/Node22

Work Time

AM9:00-PM16:00
AMB8:00-PM17:00
AMB8:30-PM17:30  AMI18:00-PM8:00 0.5 hour 15%
AM9:00-PM16:00  AM17:00-PM8:00 1 hour 25%
AMS:00-PM17:00  AMI18:00-PM7:00 1 hour 20%
AM8:30-PM17:30  AM18:00-PM8:00 0.5 hour 15%

System | User | Home Time Commuting Time  Power Consumption

AMI17:00-PM8:00 1 hour 25%
AMI18:00-PM7:00 1 hour 20%

Person A
3B Person B
FEE-33Bus Person C
IEEE-141Bus | Person A
IEEE-141Bus | Person B
IEEE-141Bus | Person C

Node9/Node27
Node5/Node35
Nodel5/Node78
Node40/Nodel01

zone3 25 21 25 Zoned

(a) IEEE-33 Bus System (b) IEEE-141 Bus System

Fig. 19. Example of zonal partitioning
IEEE-33/141Bus systems.

and device deployment in

Rewards for All Users on IEEE-33Bus Rewards for All Users on IEEE-141Bus

300
Episode Episode

Fig. 20. DS-FGMATD3
IEEE-141Bus.

rewards for all users on IEEE-33Bus and

M. Extended Experiments on IEEE-33Bus and IEEE-141Bus
Systems

To evaluate the scalability of the proposed control strategy,
extended experiments are conducted on the IEEE 33-bus and
IEEE 141-bus systems. Fig. 19(a) presents the IEEE 33-bus
system, where green nodes indicate deployed ESS, and red
nodes represent reactive power devices such as SVCs and
inverters. Zones 1 and 2 are residential, Zone 3 is commer-
cial, and Zone 4 is industrial. Fig. 19(b) depicts the IEEE
141-bus system, which adopts the same zoning and device
deployment strategy. Green nodes indicate ESS, while red
nodes denote reactive power devices. This system is divided
into nine zones: Zones 1-4 (residential), 5-7 (commercial),
and 8 and 9 (industrial). Its larger scale and higher node
density enable a more comprehensive evaluation of the control
strategy’s performance and scalability. Details of user behavior
settings—including commuting paths, dwelling times, and
energy usage across zones—are provided in Table V.

The data configuration for the new system is based on the
settings in [12]. As illustrated in Fig. 20, with the increasing
number of nodes and the integration scale of distributed RESs,
the algorithm exhibits some fluctuations during convergence.
Nevertheless, it maintains an overall stable convergence trend.
These results confirm the proposed algorithm’s adaptability
and scalability in complex scenarios, highlighting its potential
for real-world large-scale applications.
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Fig. 21. Performance comparison of FedAvg and median.

N. Comparative Robustness Evaluation of FedAvg and
Median

FL is susceptible to abnormal parameter uploads from
malicious or faulty clients, which can substantially degrade
the global model’s performance. This study compares the
FedAvg and median aggregation methods under scenarios
involving malicious parameter injection. Specifically, starting
from round 200, we simulate malicious clients uploading
perturbed parameters, as illustrated in Fig. 21. The results
demonstrate that FedAvg suffers from notable performance
degradation and convergence instability, while the median
aggregation method maintains stable convergence, effectively
mitigating the effects of abnormal updates and significantly
improving training robustness.

V. CONCLUSION

This article presents a DS-FGMATD3 control framework
based on MARL to address stability challenges in ADNs
caused by the integration of EVs and RESs. The proposed
framework employs a GCN to encode both global and local
system states, effectively capturing complex topological and
operational interactions. A consistency loss function is intro-
duced to enhance coordinated agent decision-making, while
FL is adopted to preserve user privacy and enable collaborative
model training. Simulation results indicate notable improve-
ments in peak voltage regulation, power loss reduction, user
demand satisfaction, and overall user welfare.

Future work will focus on enhancing the framework’s
scalability and generalization to accommodate larger and more
complex network topologies, while simultaneously reducing
model complexity to adapt to dynamic power fluctuations.
In addition, user preference heterogeneity will be addressed
through personalized incentive parameters, and user profiling
will be integrated with adaptive mechanisms for real-time
strategy adjustment. Collaboration with behavioral scientists
is also planned to incorporate psychological models such as
prospect theory and to develop game-theoretic strategies that
ensure incentive compatibility in V2G interactions.

APPENDIX A
EV COMMUTING ENERGY MODEL

This article defines the driving energy consumption Ey.,
in (17) as the energy consumed by the traction battery during

115

TABLE VI
PARAMETERS OF COMMUTING ENERGY CONSUMPTION MODEL

Parameter  Value \ Parameter  Value

m 2200 kg cq 0.28

v 75/75/60 (km/h) | ¢, 0.02

n 0.9 A 2.4 m?

d 30/20/15 km o 1.2 kg/m?
Eaux 8 kWh a 3

commuting, directly reflecting changes in the battery’s SOC.
Based on vehicle dynamics, the energy consumption is esti-
mated using the following model:

1 1
Ep=o- (Z—mv2 + ¢,mgd + Epchvzd) + E.x (30)
n

where the key parameters, such as vehicle mass m, average
speed v, and frontal area A, are obtained from vehicle specifi-
cations; dynamic coefficients like ¢, and ¢, are calibrated using
public road test data; physical constants such as efficiency n
and air density p refer to [38] and [39]. Detailed definitions
and values are listed in Table VL.

To better reflect real-world conditions, such as frequent
stop-and-go, slope driving, and auxiliary loads like air con-
ditioning, an empirical coefficient o, and an auxiliary term
E.x are introduced to correct the base model, enhancing
its practical relevance. Although equivalent average speeds
are used, factors like traffic congestion and signal delays are
considered, with total commuting times set as 1/1/0.5 h.

APPENDIX B
ANXIETY FUNCTION

To better characterize user behavior in EV-grid interaction,
especially under limited battery conditions, we introduce a
range anxiety function to quantify users’ psychological dis-
comfort due to low battery levels. This factor is critical in
influencing participation in grid regulation tasks. The proposed
anxiety function for the gth EV user is defined as follows:

8 8
Ag _ E(Eldep) + |£(Emax) (31)
TL0) + [¢(Efa) |

where the intermediate function £(-) is given by

e(E2,) = 1n(1/[1.01 (G /Eﬁm)z}) (32)

where Ef. denotes the maximum battery capacity of the gth
EV and Ezip represents its battery energy at the departure
time. The term £(0) corresponds to the function value when
the battery is completely depleted and serves as the base-
line for range anxiety. By combining a logarithmic function
with a squared term, this formulation effectively captures the
nonlinear relationship between battery level and user anxiety.
When the battery level is low, anxiety rises sharply (i.e., steep
slope); as the battery approaches full capacity, the increase
in anxiety slows down (i.e., gentle slope), indicating reduced
user concern. This design reflects the psychological traits of
some EV users—especially short-distance commuters—who
experience greater anxiety at low charge but feel at ease when
the battery is sufficiently full.

8
Etdep
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APPENDIX C
BATTERY DEGRADATION AND COST MODELING

To quantify the impact of V2G behavior on battery lifes-
pan, we introduce a battery degradation model D;,"‘al, which
consists of two components: calendar aging and cycle aging,
formulated as: Di°*' = D§* + D"

A. Calendar Aging Modeling
Calendar aging is influenced by the SOC level §;, temper-

ature 6, and time d. It is modeled as follows:

E,
D = G(S)) - exp(——) -d% (33)

RO,

where G(S;) is a piecewise quadratic function of SOC, E,
is the activation energy, R is the gas constant, and 6, is the
battery temperature.

B. Cycle Aging Modeling

Cycle aging is primarily affected by the charge/discharge
rate I, temperature 6;, and the ampere-hour throughput A,
and is modeled as follows:

DY = Z(0y) - " - Ay
ZOn) = 010 + 3200 + g
L= (PM"+P®)/Qo, Ap=(PM+P")-10°- At/ V
(34)
where Q) is the rated battery capacity, V is the nominal volt-

age, At is the time step, and g;—¢3 are the fitting parameters
related to temperature.

C. Degradation Cost Modeling

The degradation cost of the battery at time step &, denoted
as n;eg, is expressed as follows:

(35)
l—p

where w is the remaining capacity ratio at the end of life
(set to 0.9). Considering the time value of money, the current
residual value of the battery, mmpes, is composed of three main
components: 1) replacement cost; 2) operation and mainte-
nance (O&M) cost; and 3) salvage value. The computation is
given by: Mpes = Mrep + Tom — sy, Where mrep = Crep/(1 41 )¢
represents the present value of battery replacement cost, oy =
Com - (1 +D? — 1)/ - (1 + i)?) represents the present
value of O&M expenses over the battery’s service life, and
v = Ysv - Trep Tepresents the discounted salvage value at
the end of life, where C, is the initial procurement cost
of a new battery, C,y, is the fixed periodic O&M cost, i is
the annual discount rate, ¢ is the designed lifespan of the
battery (in years), and y;, denotes the salvage value ratio, i.e.,
the proportion of residual value relative to the original cost.
Detailed parameter settings are provided in Table VII, and
more details can be found in [37].

TABLE VII
PARAMETERS IN BATTERY AGING AND COST MODELING

Parameter  Value \ Parameter  Value

Qo 100 kWh Tom 100 ¥/year

\% 360 V i 10%

(3 298 K S year

R 8.314 J/mol- K | q1 1.85 x 106
E, 58.3 kJ/mol q2 —1.04 x 10~3
Trep 5000 ¥ qs 0.2089

Ysv 50% qa 0.65

To better reflect realistic scenarios, we incorporate the bat-
tery degradation cost nidfg into the multiagent reward function.
The revised reward function is defined as follows:

1

= |y Sl )
ieV

=B (x/ P+l 08) — L(ES) + 7]

(36)

Based on this updated reward function, we retrain the
algorithm to observe its impact on user benefits. The results
of the experiment are shown in Section IV-G

APPENDIX D
MODELING OF NODE POWER BALANCE, LINE CURRENT,
AND VOLTAGE REGULATION

A. Node Power Balance and Power Flow Modeling

At node i, the active and reactive power injections satisfy

mj PV _ plL , (37)

p" = p; 9" =a;" —af
where pf¥ and gf" are PV inverter injections, p/ and g/ are
loads, and p;"” and g;” are total injections. The system power
flow follows a simplified linear model:

V; =vi—2(rijﬂj+xijQij) V(i,j) e& (38)
where P;; = Zkepu) p,'{nj, Qi = Zkep(j) q;{m’ v; and v;
are the node voltages, r;; and x;; are line parameters, D(j) is
the subtree rooted at j, and P;; and Q;; are the branch power
flows.

B. Line Current Calculation

The complex current on line (i, j) is approximated as
follows:

2 2

) Ly

I; =
Vil

-l =

Pij + jOij (39)

Vi
The squared current magnitude is, [;;; = Il%.. The instanta-
neous active power loss on the line is

P} + 0}
Py =rijlija=r ijW (40)
Total network loss is
P: + 0}
Pioss = Z rijW 41

(.)e€
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C. Voltage Deviation Modeling
Voltage deviation at node i is approximated by

ri(pt = pE™) +xilal = o)
Vi

Av,» =Vp, —V; = (42)

where v, is the parent node voltage and r; and x; are the
branch parameters. To achieve zero voltage deviation (Av; =

0), the reactive power must satisfy
L RES
ri\p; — p;
s = =) | (43)
X
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