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Abstract

With the large-scale integration of electric vehicles (EVs) into power grids, massive con-
centrated EV charging accelerates the loss of life (LOL) of distribution transformers. There
is a need to reduce transformer LOL while optimizing user experience, thus formulating
the EV charge optimization concerning transformer LOL (ECOTL) problem. However, due
to its characteristics, such as multi-objective tradeoffs, nonlinearity, uncertainty, and the
requirement for time-sensitive online control, the ECOTL problem poses severe challenges
in obtaining a high-quality Pareto front, acquiring robust solutions, and improving solving
speed. To address these, we propose a multi-objective multi-agent deep reinforcement
learning (MOMADRL) method that deploys multiple Critics and Actors for each agent.
During training, Critics learn value functions with distinct preferences and guide the cor-
responding Actors that specialize in learning optimal strategies to update their policies.
After sufficient training, each Actor can determine a preference-specific charging strategy
in the test phase. Case studies based on real electricity price and load data demonstrate
that compared with traditional multi-agent deep reinforcement learning (MADRL) meth-
ods, the proposed method achieves better convergence performance on the training set.
Moreover, it obtains better Pareto-front approximation than the learning-based baselines
while providing fast online inference under the tested simulation conditions.

Keywords: electric vehicle; multi-objective optimization; Pareto front analysis; transformer
loss; deep reinforcement learning

1. Introduction
In recent years, the continuous intensification of global warming and the growing

depletion of fossil energy reserves have made environmental pollution control and energy
structure transformation a global consensus, creating an urgent need for coordinated
reforms in the transportation and energy sectors to mitigate this dual crisis. Electric
vehicles (EVs), leveraging their core advantages of zero tailpipe emissions and low reliance
on fossil fuels, have emerged as a pivotal technological pathway to drive decarbonization
in the transportation sector. Their market penetration is accelerating at a remarkable pace.
According to data from the International Energy Agency (IEA), global EV sales reached
14 million units in 2023, accounting for 20% of the total annual passenger vehicle sales. This
milestone, together with the growing demand for intelligent EV charging management
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highlighted in recent review studies, signifies that EVs have entered a market-driven phase
of large-scale development [1,2].

However, the large-scale popularization of EVs also poses severe challenges to the safe
and stable operation of distribution networks (DNs). On one hand, concentrated charging
demand (such as peak charging periods at post-work hours) will significantly increase the
grid load, potentially leading to regional transformer overloads, voltage sags at the end of
low-voltage feeders, and even accelerated aging of power equipment [3,4]. On the other
hand, uncertainties in EV users’ travel behaviors (e.g., travel routes, parking durations) and
the spatiotemporal distribution of charging activities (e.g., charging behavior, charging time
slots) result in strong randomness and volatility in charging loads. This further complicates
the complexity of grid optimization and control tasks [5].

The core goal of EV charging optimization is to improve owners’ charging satisfaction,
which is mainly reflected in two aspects: reducing charging costs and alleviating charging
anxiety. The former requires making charging and discharging decisions based on real-time
electricity prices, allowing owners to charge during low-price periods to reduce economic
burdens [6,7]. The latter stems from owners’ concerns about insufficient battery range,
which requires charging strategies to ensure vehicles have enough power to meet travel
needs before departure [8,9]. In the distribution network, transformers, a key equipment
for power transmission and voltage conversion, become overloaded when many EVs
connect to residential chargers at fixed times [10]. This overload sharply raises winding
temperature, accelerating insulation aging and increasing transformer loss of life (LOL).
Measures to reduce transformer LOL are necessary. Therefore, the EV charge optimization
concerning transformer LOL (ECOTL) problem is established, which faces a typical multi-
objective conflict: these objectives are mutually restrictive, as improving one often comes
at the cost of another, so there is no single optimal solution to maximize all objectives.
It is necessary to solve for the problem’s Pareto front—a set of non-dominated solutions
(NDSs) where no solution performs better in one objective without worsening at least one
other. This frontier provides decision-makers with alternative solutions to choose from
based on specific scenario priorities [11]. However, solving for the Pareto front is extremely
difficult, due to the conflicts between multiple objectives and the drama tic increase in
computational complexity.

Many existing studies adopt day-ahead scheduling methods [12,13], but with the grow-
ing demand for electric vehicles (EVs) and efficient control, time-sensitive online control has
become increasingly important. Researchers have proposed various EV control approaches.
Physics-based methods [14,15] rely on accurate mathematical modeling, yet the strictly non-
linear calculation of transformer LOL in ECOTL modeling leads to heavy computational
burden or even insolvability with existing solvers, making online control difficult. Heuristic
methods such as genetic algorithm (GA) [16,17], particle swarm optimization (PSO) [18]
and hybrid strategies [19] optimize via population iteration, evaluation-based selection
and gradual approximation to the global optimum, but they face slow convergence, poor
stability and difficulty in achieving global optimality when tackling the nonlinear ECOTL
problem. For such problems characterized by strong randomness and rapid response
requirements, machine learning methods are widely used for their data-driven nature, no
need for precise modeling, fast decision-making and high adaptability, such as ensemble
machine learning [20] and deep reinforcement learning [21–30]. Among these methods,
multi-agent deep reinforcement learning (MADRL) has become a recent research hotspot
because it enables decentralized control through agents that learn adaptive strategies from
historical data [22,25,27,28]. Representative extensions include Stackelberg MADRL [29]
and evolutionary-curriculum-learning-based MADRL [30]. The latter is highly relevant
because it incorporates transformer lifetime into EV charging optimization. However, it
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is designed to improve the training stability and scalability of large-scale coordinated EV
charging under a scalarized reward, rather than to generate a set of non-dominated solu-
tions. Therefore, it cannot directly approximate the Pareto front required for multi-objective
EV charging decision-making.

To solve the multi-objective EV scheduling problem, researchers have proposed heuris-
tic multi-objective evolutionary algorithms (MOEAs) [31–34], such as non-dominated
sorting genetic algorithm (NSGA) series [31,32] and multi-objective evolutionary algorithm
based on decomposition (MOEA/D) [33]. However, MOEAs face key issues in solving
ECOTL: poor accuracy–efficiency balance under EV randomness, slow convergence due
to transformer LOL model nonlinearity, and uneven solutions from ineffective diversity
maintenance in high-dimensional spaces. Therefore, based on previous analyses, there is
an urgent need to propose a MOMADRL method for multi-objective problems to solve
ECOTL. Existing methods [35,36] have gaps: after training, the agent can usually only
determine a compromised NDS under one preference. While a State-of-the-Art preference-
driven method [37] is utilized to ensure precise alignment between preferences and value
estimations during training, it relies on a single policy network to learn optimal strategies
across the entire preference space. The limited representational capacity of a single network
can lead to degraded decision-making performance. To fill this gap, inspired by [38], we
propose a MOMADRL method based on a multi-Actor–Critic framework. By deploying
multiple Actor networks for each agent, this method individually learns Pareto-optimal
strategies under different preferences, ultimately supporting Pareto-front approximation.
The innovations of this paper are as follows:

1. The ECOTL problem is modeled as a multi-objective decentralized partially observable
Markov decision process (MO-Dec-POMDP), where charging cost, charging anxiety,
and transformer LOL are treated as conflicting objectives. This formulation provides
the problem basis for applying MOMADRL to learn multiple preference-specific
charging policies rather than a single scalarized policy.

2. A MOMADRL method based on a multi-Actor-Critic framework is proposed. By
deploying multiple Actor and Critic networks for each agent, each Actor-Critic pair is
associated with a specific preference and learns the corresponding charging strategy.
This design avoids the representational burden of using one single Actor to fit the entire
preference space and enables the learned policies to approximate the Pareto front.

3. Case studies on 8-EV and 32-EV residential systems are conducted to evaluate the
proposed MOMADRL method. The results show that, under the tested residential EV
charging cases, the proposed method achieves better Pareto-front approximation than
the learning-based baselines while maintaining fast online inference.

The work is organized as follows. First, the ECOTL model is established. Second,
the multi-objective decentralized partially observable Markov decision process and the
MOMADRL framework are introduced. Third, comparative experiments and sensitivity
studies are conducted. Finally, conclusions and future research directions are presented.

2. Problem Statement
Consider a community distribution network consisting of a distribution trans-

former and multiple residential loads, which are categorized into EV charging loads and
other loads.

We assume that each household with one EV is equipped with a smart charging con-
troller. The transformer-related information and electricity price are pre-acquired from the
utility’s asset management system and broadcast through communication infrastructures,
including advanced metering infrastructure (AMI) and standard cellular networks (4G/5G).
The objective is to improve residents’ charging satisfaction while reducing transformer
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lifespan loss. Our modeling will be divided into two parts: (1) EV Charging Model; (2)
Transformer Model.

2.1. EV Charging Model

Suppose there are I households in the considered community. Meanwhile, we dis-
cretize the time scale into multiple time steps t = 0, 1, . . ., T. The residential load Lresid

t in
this distribution network system is calculated as follows:

Lresid
t = LEV

t + Lother
t , (1)

where Lother
t represents demand of other loads at time t and LEV

t is the total EV charging
load in the network, which is defined as:

LEV
t = ∑I

i=1 ai
t∆t, ai

t ∈ [amin, amax], (2)

where ai
t denotes the charging capacity of EV i within the time interval ∆t at time t. A

positive value indicates that the EV is charging, while a negative value indicates that the EV
is discharging. amin and amax are minimum and maximum charging capacity, respectively.

During charging, EV owners seek to minimize charging costs. The charging cost for
EV i at time t is given by:

CCi
t = pt · ai

t · ∆t, (3)

where pt is the electricity price.
Meanwhile, EV owners are concerned that the post-charging state of charge (SOC) may

fail to meet mileage requirements, or that charging may be prematurely terminated due to
unforeseen factors necessitating early departure. They thus seek to reach the target SOC
as quickly as possible. Such psychological states of EV users are referred to as “charging
anxiety.” It is quantified as:

CAi
t =

Ωi(Ei
tar − Ei

t
)

ti
dep − t

t ∈ [ti
arr, ti

dep), (4)

where ti
arr and ti

dep are arrival time and departure time of EV i, respectively; Ei
t is the SOC

of EV i at t; Ei
tar is the target SOC; and Ωi is the maximum battery capacity. Equation (4)

quantifies charging anxiety by defining user dissatisfaction as a function of time urgency:
as the current time approaches the user-defined departure time, sensitivity to residual
energy deficit rises sharply. Meanwhile, it captures the impact of driving range and energy
requirements by penalizing the gap between the current and target SOC [30].

In addition to the dual objectives of minimizing charging costs and alleviating charging
anxiety, the dynamic SOC changes of an EV during charging and discharging both directly
influence these goals and are subject to physical constraints. The SOC evolution during
charging and discharging is as follows:

Ei
t+1 =

 Ei
t +

ηcai
t

Ωi ∆t, i f ai
t ≥ 0

Ei
t +

ai
t

ηdΩi ∆t, i f ai
t < 0

t ∈
[
ti
arr, ti

dep

)
, (5)

Ei
t = Ei

arr i f t = ti
arr, (6)

where ηc and ηd are charge efficiencies, and Ei
arr denotes the SOC of EV i upon arrival at

the charging area.
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2.2. Transformer Model

When an EV is connected to the distribution network, it can exchange energy with
the main grid through the transformer. To accurately quantify transformer LOL, IEEE
standard is adopted for modeling [39] based on the following motivations: First, it provides
a standardized thermal model that explicitly maps electrical load variations to winding
hotspot temperatures, establishing a calculable link between charging decisions and physi-
cal aging. Second, this deterministic model is computationally feasible for embedding into
the reinforcement learning environment to generate real-time transformer LOL based on
load data. The transformer LOL model is defined as follows:

LOL =
FEA × ρ

NI
, (7)

FEA =

N
∑

n=1
FAA,n∆t

N
∑

n=1
∆t

, (8)

FAA = exp
(

15000
383

− 15000
θH + 273

)
, (9)

θH = θA + ∆θTO + ∆θH, (10)

∆θTO = ∆θR
TO ×

([
K2

ulR+1
R+1

]k
−
[

K2
inR+1
R+1

]k
)

×
(

1− e−ρ/τTO
)
+ ∆θR

TO ×
[

K2
inR+1
R+1 ,

]k (11)

∆θH = ∆θR
H ×

(
K2g

ul − K2g
in

)
×
(

1− e−ρ/τW
)
+ ∆θR

H × K2g
in , (12)

where NI is the normal insulation life of the transformer; ρ is the duration of the load;
FAA is the aging acceleration factor; FEA is the equivalent aging factor over the entire
time period; N is the total number of time intervals; n is the time interval index; θH is
the hot-spot temperature of the transformer winding calculated by (10); θA denotes the
ambient temperature; ∆θTO denotes the temperature rise in the top oil above the ambient
temperature calculated by (11); ∆θH denotes the winding hot-spot temperature rise above
the top oil temperature calculated by (12); ∆θR

TO denotes the top oil temperature rise above
the ambient temperature under rated load; R is the ratio of rated load loss to no-load loss; k
and g is the exponent for calculating, determined empirically; Kul and Kin are the ratios of
the final load and initial load to the rated load, respectively; and τW and τTO denote the
winding time constant and top-oil time constant, respectively.

2.3. Multi-Objective EV Charge Optimization Model Concerning Transformer LOL

To measure the quality of solutions to multi-objective problems, we introduce the
concepts of NDS, Pareto-optimal solution, and Pareto front:

Theorem 1. Non-dominated Solution (NDS): Suppose there are m objective functions f . A
policy π1 is non-dominated if there exists no other policy π2 such that fi(π2) ≤ fi(π1) for
each i ∈ [1, . . . , m] and f j(π2) < f j(π1) for at least one j ∈ [1, . . . , m]. Policy π1 is also called
Pareto-optimal solution.

Theorem 2. Pareto Frontier: The Pareto set is the set of all Pareto-optimal solutions
{π | π is Pareto optimal}, and its image in the objective space is the Pareto front.
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Then, integrating the EV Charging Model and Transformer Model, the optimization
problem under study is formulated with objectives of minimizing charging cost, charging
anxiety, and transformer LOL.

The objective functions (overall charging cost f CC
t , charging anxiety f CA

t , and trans-
former LOL f LOL

t ) are calculated by:

f CC
t =

I

∑
i=1

CCi
t, (13)

f CA
t =

I

∑
i=1

CAi
t, (14)

f LOL
t = LOLresid

t − LOLother
t , (15)

where LOLresid
t and LOLother

t are transformer LOL determined by residential loads and the
other load.

Therefore, the multi-objective EV charge optimization problem concerning transformer
LOL is formulated as:

min F= [
T

∑
t=1

f CC
t ,

T

∑
t=1

f CA
t ,

T

∑
t=1

f LOL
t ], (16)

s.t. (1)–(15),

It is evident that this problem is a highly complex nonlinear multi-objective optimiza-
tion problem, which is difficult for existing methods to solve:

Traditional physics-based methods typically rely on first establishing an accurate
model of the problem and then using existing solvers to find solutions, yet they are usually
unable to solve nonlinear problems effectively.

Heuristic methods, while having the advantage of not requiring precise mathematical
modeling and being able to explore potential solution spaces, have limitations such as
being prone to falling into local optima.

Current State-of-the-Art DRL-based methods usually perform well in single-objective
scenarios, but when applied to multi-objective problems, agents must learn optimal deci-
sions under multiple conflicting preferences to obtain NDSs and search for Pareto-optimal
sets, which leads to high learning costs and ultimately results in poor training and conver-
gence performance.

3. Proposed Approach
To address the challenges of nonlinearity, multi-objectivity, and time-sensitive online

control in the ECOTL problem, we first model it as a decentralized partially observable
Markov decision process (Dec-POMDP). Concurrently, we propose a multi-objective deep
reinforcement learning-based framework.

3.1. Multi-Objective Decentralized Partially Observable Markov Decision Process

The ECOTL problem is modeled as a Dec-POMDP, where each EV acts as an agent. A
Dec-POMDP framework fits well here: it captures the nature of multi-EV decentralized
decision-making and the system’s partial observability in the ECOTL problem, aligning
with practical residential charging scenarios. Specifically, each agent can only access partial
observations of the system state rather than the complete state, and agents make charging
decisions independently during execution to collectively optimize the global objectives.
To address the multi-objective characteristic of ECOTL, we propose a multi-objective Dec-
POMDP (MO-Dec-POMDP), which consists of four components.
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• State: the partial observation of agent i at t is:

si
t =

(
t, ϒi

t, p̃t, Ei
t, θ̃other

H,t , LEV
t−1

)
(17)

where θ̃other
H,t is the winding hot-spot temperature at time t determined by the other

load forecast value; ϒi
t indicates whether EV i is charging (1 if it is charging, 0 oth-

erwise); and p̃t is the forecast electricity price. The benefit of this modeling is that
agents can obtain more comprehensive objective-relevant information through partial
observations, such as details (ϒi

t, p̃t) related to charging costs, information (ϒi
t, Ei

t, t)
associated with charging anxiety, and data (θ̃other

H,t , LEV
t−1) concerning transformer LOL;

the global state is Xt = [s1
t , s2

t , . . . , sI
t ].

• Action: action of agent i at time t is charging capacity ai
t ∈ [amin, amax], and the joint

action of all agents is At = [a1
t , a2

t , . . . , aI
t ].

• State transition: when an agent takes an action ai
t according to policy πi, the

state transforms from si
t to si

t+1 at time t + 1 with the transition function si
t+1 =

P(si
t, ai

t, ϒi
t+1, p̃t+1, Ei

t+1, θ̃other
H,t+1), where Ei

t+1 and θ̃other
H,t+1 is calculated by (5) and

(10)–(12), respectively.
• Reward: For multi-objective optimization problems, multiple conflicting objectives

should be traded off to obtain Pareto-optimal solutions. Therefore, an independent
reward function is designed for each objective, which is a key distinction between the
proposed MO-Dec-POMDP and the traditional Dec-POMDP. Since the original ECOTL
problem is formulated as a minimization problem, where charging cost, charging
anxiety, and transformer LOL are all expected to be minimized, these objective values
should be converted into rewards that can be maximized. To make the reward values
of different objectives comparable and avoid the dominance of objectives with larger
numerical scales, each objective is normalized as follows:

r = − f − fmin

fmax − fmin
, (18)

where f is one of objectives f CC
t , f CA

t , and f LOL
t . fmax and fmin are objective-specific

normalization bounds. Specifically, fmin is obtained when only this objective is op-
timized and the other objectives are not considered. In contrast, fmax is obtained
from the optimization results in which this objective is excluded. If multiple extreme-
preference solutions are obtained, the largest value is used as fmax. These bounds are
determined before DRL training and then fixed during both training and testing. When
f = fmin, the normalized reward reaches its maximum value of 0; when f = fmax,
the normalized reward reaches its minimum value of −1. Therefore, Equation (18)
provides a monotonically decreasing transformation from the original minimization
objective to the normalized reward.

3.2. Multi-Objective Multi-Agent Deep Reinforcement Learning
3.2.1. Multi-Objective Value Function

After MO-Dec-POMDP is established, a Pareto set Π = {π | π is Pareto optimal}
should be obtained to solve the ECOTL problem; we need to evaluate whether the policy
is Pareto-optimal under different objective preferences. To this end, we propose a multi-
objective value function to assess the quality of an agent’s action in the current state under
varying objective preferences.

First, the vector of rewards under varying objective preferences is defined as:

r̂t = WTrt = [rt,1, rt,2, . . . , rt,M] (19)

https://doi.org/10.3390/electronics15143100

https://doi.org/10.3390/electronics15143100


Electronics 2026, 15, 3100 8 of 24

where W = [ωCC; ωCA; ωLOL] is a weighting matrix; ω· = [ω·,1,ω·,2, . . . ,ω·,M] is the set of
weighting factors for the corresponding objective, which satisfies ωCC + ωCA + ωLOL = 1;
and M is the number of weighting factors.

Second, for each timestep t, all agents decide charging actions after observing partial
current information, and charging terminals compute reward value vectors r̂t. In this
problem, the agents aim to learn an optimal set of policies π = [π1, π2, . . . , πM] to maximize
the discounted cumulative reward value vector ∑∞

t′=0 γt′(r̂t+t′), where γ ∈ [0, 1] is the
discount factor. To achieve this, we introduce a multi-objective value function:

Q = [Q1, Q2, . . . , QM] = E[∑∞
t′=0 γt′ r̂t+t′

∣∣∣Xt = X, At = A], (20)

3.2.2. Multi-Objective Actor–Critic Framework

Existing DRL methods face significant limitations when applied to the complex ECOTL
problem. First, basic frameworks struggle with the action space and efficiency: DQN [20,22]
is restricted to discrete actions, leading to the “curse of dimensionality” in power control;
PPO [24] exhibits low sample efficiency due to its on-policy nature; and TD3’s [29] de-
terministic policy often leads to premature convergence and entrapment in local optima.
Moreover, regarding multi-objective optimization, traditional Actor–Critic methods typi-
cally rely on a single Actor to learn strategies across different preferences. This design often
fails to balance conflicting objectives effectively, resulting in high training costs.

To address these gaps, we propose the MOMADRL method based on the soft Actor–
Critic framework [40]. The underlying soft Actor–Critic framework offers distinct ad-
vantages suited for the ECOTL problem. It operates directly within continuous action
spaces and leverages maximum entropy to significantly enhance exploration. This prevents
entrapment in local optima and ensures a diverse search for Pareto-optimal strategies,
while its off-policy nature robustly improves sample efficiency. Structurally, we deploy M
Actor and M Critic networks for each agent to individually learn the optimal policies and
value functions under each single preference. This avoids the aliasing of multi-objective
information and preference imbalance caused by a single network design, making the
optimization of each objective more targeted. The establishment process of the proposed
method is as follows:

Multi-objective value function is estimated by multiple Critic networks:

Q = [ϕδ1(Xt, At,1), ϕδ2(Xt, At,2), . . . , ϕδM (Xt, At,M)], (21)

where ϕδ(·) is the parameterized neural network.
To obtain the Pareto front, agents need to learn optimal Pareto solution sets Π under

multiple preferences. For this, we configure M Actor networks πi
µ = [πi

µ1
, πi

µ2
, . . . , πi

µM
] for

each agent i, where µ is the network parameter. Additionally, to output continuous charging
action quantities, we adopt a Gaussian sampling method: specifically, each Actor network
outputs the mean λ(s) and variance σ2(s) of a Gaussian distribution N , with actions
sampled accordingly. However, this sampling process is non-differentiable, hindering
policy network updates via backpropagation. We thus introduce the reparameterization
trick: first sample ϵ from a unit Gaussian distribution N0, then generate actions through
a = λ(s) + σ(s) · ϵ.
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3.2.3. Multi-Actor–Critic Training Scheme

The parameter optimization method for Critic network m of agent i is to minimize the
loss function and perform a gradient update:

yi
t,m = ri

t,m + γ(
min
j=1,2

Qj
δi

m,tar
(Xt+1,m, At+1,m)

+α∑I
i=1 H(πi

µm(·/si
t+1,m))

), ai
t+1,m ∼ πi

µm

(
·/si

t+1,m

)
, rt,m ∈ r̂t, (22)

L i
m(δ

i
m) = EXt ,At,m ,rt,m ,Xt+1,m∼B

[(
Qδi

m
(Xt, At,m)− yt,m

)2
]

, (23)

δi
m ← δi

m + η∇δi
m
L i

m

(
δi

m

)
(24)

where α is a coefficient of an entropy regularization term, which is used to balance the
weights between entropy H(πi

µm(·/si
t+1,m)) = − log(πi

µm(·/si
t+1,m)) and Q-value; Qj

δi
m,tar

(·)
is the target value function that is estimated through the target Critic network ϕδi

m,tar
, which

is soft-updated by:
δm,tar ← υ · δm + (1− υ) · δm,tar, (25)

where υ is the soft update coefficient.
The parameter optimization process for Actor network m of agent i is:

L i
m(µ

i
m) = EXt ,Ai·

t,m∼B

 −αH(πi
µm(·

∣∣∣si
t))

−min
j=1,2

Qj
δi

m

(
Xt, ai

t,m, Ai·
t,m
)
, (26)

µi
m ← µi

m + ηπ∇µi
m
L i

m

(
µi

m

)
, (27)

where Ai·
t,m = [a1

t,m, a2
t,m, . . . , ai−1

t,m , ai+1
t,m , . . .] represents the joint action of other agents except

the current agent i.
The entire training process of all agents is detailed in Algorithm 1, and the flowchart

of the entire training process is shown in Figure 1. For each episode e, the system first
sequentially samples the weight factor vector ω = [ωCC,m,ωCA,m,ωLOL,m] from set W; at
each time step t, if in the exploration phase (the current episode number is less than the
exploration episode number), agents randomly choose charging actions that meet physical
constraints, while in the exploitation phase, each agent i observes the current state si

t and
selects charging actions ai

t,m via its Actor network; after executing these actions in the
community system, the charging station terminal calculates the reward vector r and the
next time step’s global state Xt+1,m based on all agents’ joint actions At,m then store the
state transition vector H in the experience replay buffer B; once the buffer is full, a batch D
of state transition vectors is randomly sampled from it, the next time step’s joint actions
At+1 are determined using all agents’ policy networks, and all Actor networks and Critic
networks are updated in line with Equations (22)–(27).

The proposed MOMADRL method adopts a centralized-training-with-decentralized-
execution (CTDE) structure. During training, the Critic networks use global state informa-
tion and joint actions from the replay buffer to stabilize multi-agent learning. During online
execution in the simulation environment, each Actor makes decisions in parallel using
only local EV information, including EV commuting behavior, charging behavior, and SOC,
together with public system-level signals broadcast by the aggregator or AMI, such as
electricity price and transformer-related information. Therefore, private information from
other EVs is not required during decentralized execution. Through continuous interaction
between agents and the residential community, all Actors can make decisions parallelly and
Pareto-optimal solutions can eventually be obtained, with core reasons as follows: First, a
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complete set of weight combinations for charging cost, anxiety cost, and LOL is generated
before training, ensuring coverage of all preference dimensions in multi-objective optimiza-
tion and laying the foundation for the diversity of Pareto-optimal solutions. Second, each
weight corresponds to an independent Actor–Critic network; after sufficient training, the
strategy under each weight can stably output the optimal solution for that preference, form-
ing multiple groups of candidate solutions with different objective trade-off relationships.
Finally, these candidate solutions undergo Pareto dominance screening, and the remaining
ones are Pareto optimal solutions.

Figure 1. Flowchart of the proposed MOMADRL method.

Algorithm 1: Training process

1 : Initialize :
Replay buffer B, sampling batch D, training episode E, number of exploration episodes
Ee, weighting matrix W, network parameters µ, δ, and hyperparameter γ, η, υ.
2: for e = 1 to E do:
3 : Sequential sample the vector of weighting factors ω = [ωCC,m,ωCA,m,ωLOL,m]

from W;
4: for t = 1 to T do:
5 : if e < Ee:
6: All the agents randomly select charging behaviors that satisfy physical constraints;
7: else:
8 : observe the current state Xt, charging action selection is determined by m-th
Actor network of all agents;
9: end if
10 : The joint action is carried out in the environment, and transition tuple H =

[Xt, At,m, r, ω, Xt+1,m] stored in B;
11: if B is full:
12: Randomly sample D from the replay buffer;
13: Update all networks through the Formulas (22)–(27);
14: end if
15: end for
16: end for
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4. Results
4.1. Experimental Setup

In this paper, a semi-synthetic case study is conducted on a distribution network
system consisting of a 50 kVA transformer and eight households, each equipped with one
EV. The EV-related parameters, including arrival time, departure time, initial SOC, battery
capacity, and charging/discharging power limits, are set similarly to those used in existing
EV charging studies [7,29,30]. The detailed parameters of the transformer and EV models
are provided in Table 1. To better capture the fast thermal dynamics of the transformer, a
15 min control interval is adopted, resulting in 96 decision steps from 12:00 PM on the first
day to 12:00 PM on the second day. The step size represents the uniform sampling interval
in the objective-weight space and is set to 0.20, 0.15, and 0.10.

Table 1. Parameters of the ECOTL model.

Model Parameter Value

Transformer

θA 40 ◦C
∆θR

TO 53 ◦C
∆θR

H 27 ◦C
NI 1.8 × 105 h
R 4.1

τTO/τW 6.86/0.08 h
k, g 0.8

EV

Earr [0.2, 0.6]
tarr Clip (N (6, 12), 5, 7)
tdep Clip (N (20, 12), 18, 22)
Ω 24 KWh

amax/amin 6.3 KW/−6.3 KW

Both the Actor and Critic networks employ a four-layer fully connected architecture,
with the ReLU activation function applied. The Actor network uses two separate output
layers to predict the mean and standard deviation of the action distribution, respectively,
and its final output is processed using the tanh activation function. The Adam optimizer is
used. To validate the performance of the proposed method, real-world data are utilized for
testing: The electricity price data are sourced from actual 2021 pricing in the Commonwealth
Edison (ComEd; Chicago, IL, USA) service territory [41], whereas the base-load data are
obtained from one year of smart-meter readings in a real distribution network [42]. Among
the available dataset, the first 200 days are used as the training set, while the subsequent
40 days are used as the test set. All comparative experiments are repeated under five
independent random seeds, and the final results are reported as mean± standard deviation.
The hyperparameters of the method proposed is shown in Table 2.

Table 2. Hyperparameters of the method proposed.

Hyperparameter Value

Discount factor γ 0.99
Replay buffer size B 7200
Transition batch D 512
Learning rate η/ηπ 3 × 10−3/3 × 10−3/3 × 10−4

Soft updated coefficient υ 5 × 10−3

Number of neurons in each hidden layer 128
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All simulation experiments are carried out on a computer configured with an Intel
Core i9-10980XE CPU and an NVIDIA GeForce RTX 2060 GPU. The program is developed
using Python 3.11, and the MADRL component was implemented using PyTorch 2.5.0 with
CUDA 12.4 support.

Pareto-front quality is evaluated using three standard multi-objective metrics. First,
the number of NDSs is computed for each test day and then averaged over all test days.
Second, hypervolume (HV) is computed as:

HV =
1
D

D

∑
d=1

λ(∪F∈Pd [F, Fr]), (28)

where D is the number of test days, Pd denotes the Pareto set obtained on day d,
Fr = [6.0, 850.0, 10−6] is the reference point, and λ(·) represents the Lebesgue measure of
the dominated objective-space volume. HV is selected because it jointly measures con-
vergence toward better objective values and the coverage of the Pareto front; a larger HV
indicates a higher-quality Pareto set. Third, spacing (SPA) is calculated as the average, over
all test days, of the standard deviation of the nearest-neighbor distances among the NDSs.
SPA is selected to quantify the uniformity of the Pareto-front distribution; a smaller SPA
indicates a more even distribution.

SPA =
1
D

D

∑
d=1

√√√√ 1
|Pd|−1

|Pd |

∑
i=1

(di − d)
2
, (29)

To evaluate the performance of the proposed method, three benchmark methods are
designed for comparative experiments:

1. Deterministic Information Scenario Optimization Based on NLopt [43]: This method
assumes that information such as electricity prices, base loads, and EV users’ com-
muting behaviors is known a priori. This assumption is unachievable in real-world
scenarios. Since the ECOTL problem exhibits nonlinear characteristics after incorpo-
rating transformer LOL modeling, the nonlinear solver NLopt is employed to solve
the deterministic optimization problem based on global information. This process
yields theoretical Pareto-optimal solutions, which serve as a performance benchmark
for subsequent method comparisons.

2. Stochastic Programming (SP): A benchmark for MOEA. First, apply random pertur-
bations (with a deviation range of 20%) to the input load and electricity price data
to generate 1000 perturbation scenarios. Then, use data compression technology to
extract 20 representative scenarios from them, ensuring these scenarios retain the key
statistical characteristics of the original samples. On this basis, utilize the Genetic
Algorithm (GA) to solve the ECOTL problem for the 20 representative scenarios, and
obtain the possible Pareto-optimal solution with the goal of minimizing the expected
objective for each distinct weight.

3. Multi-agent Soft Actor-Critic (MASAC): This algorithm adopts a common framework
in MADRL [24]. It is characterized by adding vectors with different preferences
to state observations, while only deploying one pair of Actor–Critic to learn and
evaluate the EV charging strategy. Its hyperparameter settings are consistent with the
proposed method.

4. Preference-Driven Multi-Agent Twin Delayed Deep Deterministic Policy Gradient (PD-
MATD3) [37]: This algorithm’s network updates are preference-driven. By integrating
a directional angle term into the loss function of MATD3 [30], it forces the learned
value function vector to precisely align with the user-specified preference vector in

https://doi.org/10.3390/electronics15143100

https://doi.org/10.3390/electronics15143100


Electronics 2026, 15, 3100 13 of 24

geometric direction. Its hyperparameter and state observation settings are consistent
with the MASAC method.

4.2. Training Process

Figure 2 presents the reward value curves of the MADRL-based methods under four
preference settings with a step size of 0.2. The reward value represents the cumulative
reward obtained in each training episode. For each preference weight, the agents of
the three methods were trained independently, and the reward curves were recorded
throughout the entire training process. During the exploration stage (Episodes 1–300),
all methods mainly relied on random charging actions to explore the state-action space
and accumulate interaction experiences. Consequently, the reward values fluctuated
significantly and remained at relatively low levels. After approximately Episode 300, the
agents gradually entered the exploitation stage, where the accumulated experiences were
utilized to learn effective charging strategies, leading to a steady increase in reward values
and eventual convergence. The results under all four preference settings show that the
proposed method achieves better training performance than the learning-based baselines.
As shown in Figure 2a–d, MASAC, PD-MATD3, and the proposed method converge
at approximately Episodes 440, 410, and 370, respectively, indicating that the proposed
method requires fewer training episodes to learn stable charging policies. Averaging the
converged rewards over the four preference settings, MASAC achieves a final reward of
approximately −4.85, PD-MATD3 reaches −4.55, while the proposed method attains the
highest reward of −4.25. Consequently, the proposed method improves the final reward by
approximately 12.4% and 6.6% compared with MASAC and PD-MATD3, respectively. The
inferior performance of MASAC can be attributed to its single Actor–Critic architecture,
which must simultaneously learn charging policies for multiple preference conditions,
resulting in value estimation and unstable policy updates. Although PD-MATD3 introduces
preference-aware learning and therefore achieves faster convergence and higher rewards
than MASAC, a single policy network is still required to handle different preferences,
limiting its ability to accurately capture diverse decision-making objectives. In contrast,
the proposed method assigns multiple preference-oriented Critics to learn preference-
specific value functions and provide more accurate guidance for policy optimization. This
mechanism effectively reduces the learning complexity of individual networks, and enables
the agents to identify higher-quality Pareto-optimal charging strategies. As a result, the
proposed method not only converges 16% and 10% faster than MASAC and PD-MATD3,
respectively, but also consistently achieves higher rewards and more stable convergence
behavior across all preference settings.

4.3. Test Set Performance
4.3.1. Comparison of Experimental Results

To evaluate Pareto-front quality and online inference latency under the 15 min control
interval, Table 3 reports NDS, HV, SP, and latency time, where latency time is the average
time for each single decision-making charging action across all test days.

For SP, two limitations are evident. First, the stochastic evolutionary process is prone to
premature convergence and local optima, preventing the discovery of a complete Pareto set.
Consequently, its NDS values are consistently lower than those of the proposed method by
8.9%, 8.8%, and 9.0% under step sizes of 0.20, 0.15, and 0.10, respectively. Second, scenario
generation and GA optimization introduce extremely high computational complexity. As
the number of weighting factors increases from 6 to 36, the testing time rises dramatically
from 185.42 s to 426.58 s, which is more than four orders of magnitude higher than that
of the proposed method. Although SP achieves the second-best HV among the compared
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baselines, its excessive computational burden severely limits its applicability in fast schedul-
ing scenarios. MASAC adopts a single-Actor architecture to simultaneously learn policies
corresponding to multiple preference vectors. This significantly increases the learning
difficulty because a single policy network must approximate optimal actions for multiple
conflicting objectives. Consequently, MASAC exhibits the worst Pareto-front quality among
all methods. Its HV values are approximately 49.4%, 49.2%, and 48.9% lower than those of
the proposed method under the three step sizes, respectively. Furthermore, its NDS values
are 18.2%, 14.8%, and 8.0% lower than those achieved by the proposed method. Although
MASAC obtains the smallest SPA values, indicating a relatively uniform distribution of
discovered solutions, the corresponding HV and NDS values remain significantly inferior.
This suggests that MASAC generates uniformly distributed solutions in a relatively narrow
and suboptimal region of the objective space, resulting in poor convergence toward the
true Pareto front. PD-MATD3 improves preference awareness by introducing azimuth-loss-
guided learning. Compared with MASAC, it achieves substantial improvements in both
HV and NDS, demonstrating that preference information is more effectively incorporated
into value estimation. Nevertheless, PD-MATD3 still relies on a single Actor network,
which fundamentally limits its ability to represent multiple optimal policies across different
preference regions. Consequently, its HV values remain 10.2%, 11.0%, and 11.4% lower
than those of the proposed method under the three step sizes, respectively. Similarly, its
NDS values are lower than those of the proposed method by 22.8%. In contrast, the pro-
posed method consistently achieves the best overall performance among all learning-based
approaches. The key reason is that the multi-Actor architecture decomposes the original
multi-preference optimization problem into several simpler sub-problems, allowing each
Actor to specialize in a specific preference region. This substantially reduces policy-learning
difficulty and improves the diversity of discovered Pareto-optimal solutions. As a result,
the proposed method achieves the highest NDS values under all step sizes. Compared
with SP, MASAC, and PD-MATD3, the average NDS improvement reaches 8.9%, 13.7%,
and 22.8%, respectively. In terms of HV, the proposed method improves upon MASAC
by approximately 95.0%, 96.8%, and 95.4%, and surpasses PD-MATD3 by 11.4%, 12.4%,
and 12.8%, respectively. Meanwhile, the obtained SPA values remain on the order of
10−3, indicating a well-distributed Pareto front. Furthermore, the Latency time remains
nearly constant at approximately 0.013 s regardless of the number of weighting factors,
demonstrating excellent scalability and fast response capability. Compared with NLopt, the
proposed method produces almost identical Pareto-front diversity, with NDS differences
of only 0.5%, 0.4%, and 0.4% under the three step sizes, respectively. Its online decision
time is reduced from 5.84–8.73 s to only 0.012–0.014 s, corresponding to a speedup of ap-
proximately 450–650 times. Therefore, under the tested residential EV charging case study,
the proposed method achieves better Pareto-front approximation than the learning-based
baselines while maintaining fast online inference.

Table 3. Comparison results of various methods.

Step Size
No. of

Weighting
Factors

Methods HV (1 × 10−5) SPA NDS Latency Time (s)

0.20 6

NLopt 241.30 ± 7.24 0.0424 ±0.0040 5.90 ± 0.08 5.84 ± 0.42
SP 220.92 ± 10.21 0.0436 ± 0.0060 5.40 ± 0.10 185.42 ± 14.36

MASAC 97.50 ± 9.75 0.0006 ± 0.0002 5.45 ± 0.30 0.012 ± 0.001
PD-MATD3 170.68 ± 8.53 0.0001 ± 0.0001 4.83 ± 0.45 0.005 ± 0.001

Proposed 190.11 ± 6.12 0.0007 ± 0.0002 5.93 ± 0.15 0.012 ± 0.001
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Table 3. Cont.

Step Size
No. of

Weighting
Factors

Methods HV (1 × 10−5) SPA NDS Latency Time (s)

0.15 15

NLopt 262.42 ± 8.41 0.0392 ± 0.0035 14.75 ± 0.20 6.91 ± 0.53
SP 239.70 ± 11.51 0.0395 ± 0.0050 13.50 ± 0.25 248.36 ± 19.74

MASAC 106.28 ± 11.16 0.0007 ± 0.0002 13.63 ± 0.75 0.012 ± 0.001
PD-MATD3 186.04 ± 9.86 0.0002 ± 0.0001 12.06 ± 1.13 0.005 ± 0.001

Proposed 209.12 ± 7.14 0.0011 ± 0.0003 14.81 ± 0.38 0.013 ± 0.001

0.10 36

NLopt 294.39 ± 10.12 0.0366 ± 0.0030 35.40 ± 0.48 8.73 ± 0.68
SP 267.31 ± 14.30 0.0378 ± 0.0040 32.40 ± 0.60 426.58 ± 31.27

MASAC 119.18 ± 13.40 0.0008 ± 0.0002 32.70 ± 1.80 0.012 ± 0.001
PD-MATD3 206.52 ± 12.20 0.0003 ± 0.0001 28.95 ± 2.70 0.005 ± 0.001

Proposed 232.93 ± 8.90 0.0015 ± 0.0004 35.55 ± 0.90 0.014 ± 0.001

Figure 2. Reward value curves of MADRL-based methods under different preferences when step size
is 0.2: (a) ω = [0.2, 0.2, 0.6]; (b) ω = [0.2, 0.6, 0.2]; (c) ω = [0.4, 0.2, 0.4]; (d) ω = [0.6, 0.2, 0.2].

4.3.2. Performance of Proposed Method Under a Single Day

To evaluate the performance of the proposed method, we visualize the Pareto front
derived from the solutions obtained over a one-day period, as shown in Figure 3. The blue
data points represent the NDSs. The red arrow indicates the possible moving directions
of certain points. Crucially, the distribution of these solutions verifies the definition of
NDSs stipulated in Theorem 1. As observed in the figure, any movement from a point
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on this front to improve one objective inevitably leads to the deterioration of at least one
other objective.

Figure 3. The Pareto front obtained by the proposed method on a certain day in the test set.

This phenomenon stems from the natural contradictions inherent in the optimization
mechanisms of the three objectives. Specifically, charging cost is optimized by scheduling
charging during low-electricity-price periods and increasing discharging revenues; user
anxiety is minimized by maximizing charging volume and charging as early as possi-
ble; transformer LOL is reduced by limiting total charging power, increasing discharging
support, and avoiding load concentration. Consequently, these conflicting mechanisms
manifest as distinct trade-offs on the Pareto front. When charging cost is minimized, the
system tends to concentrate charging during low-price valleys. This can cause sudden
load spikes, leading to increased transformer LOL (moving direction A). Alternatively,
aggressive discharging to lower costs may leave the battery with insufficient energy, thereby
increasing user anxiety (moving direction B); conversely, when optimizing for user anxiety,
the system prioritizes aggressive and immediate charging. This increase in power consump-
tion and peak load naturally exacerbates transformer LOL and incurs higher charging costs
(moving direction C); finally, when the priority shifts to minimizing transformer LOL, the
system may shift EV loads to high-electricity-price periods or restrict high-power charging.
This often forces charging into high-price intervals (increasing economic cost) or results in
reduced total charged energy (increasing user anxiety), corresponding to moving direction
D and E, respectively. Overall, the obtained NDSs form a clear trade-off surface among
charging cost, charging anxiety, and transformer LOL, illustrating the effectiveness of the
proposed method on the selected test day.

We next analyze the detailed results of a specific day in the test set under a certain
preference. Figure 4 presents the performance evaluation of the proposed method on this
day when ω = [0.2, 0.6, 0.2], including the real-time electricity price, base load, and changes
in charging power and energy of four EVs in the system across different time steps, with
dashed lines indicating the upper and lower limits of charging power and energy. Since the
optimization is performed with a 15 min time step, the charging power and energy values
shown in Figure 4c,d are hourly averages calculated from the four 15 min intervals within
each hour for clearer visualization.
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Figure 4. The performance evaluation of the proposed method on a specific day in the test set when
ω = [0.2, 0.6, 0.2]: (a) real-time electricity price; (b) base load; (c) charging situation of 4 EV users;
(d) energy of 4 EV users.

The results demonstrate that the proposed method can simultaneously consider charg-
ing cost, charging anxiety, transformer aging, and their corresponding preference weights
when determining charging and discharging strategies. As shown in Figure 4a,b, electricity
prices and base loads remain relatively high during hours 4–8. During this period, most
EVs perform discharging or maintain low charging levels, with discharging power reach-
ing approximately 4–5 kW. This behavior not only generates economic benefits through
electricity selling but also alleviates transformer loading during peak-demand periods,
thereby reducing the LOL of the transformer. After hour 11, both electricity prices and base
loads decrease significantly. Consequently, all EVs gradually switch to charging mode and
increase their charging power to approximately 4–6 kW, enabling energy replenishment at
a lower charging cost while avoiding excessive load accumulation.

As illustrated in Figure 4d, the battery energy of all EVs increases steadily during
low-price periods and reaches the battery capacity limit of 24 kWh by approximately hour
17, which is significantly earlier than most of their departure times. This behavior is mainly
attributed to the relatively high anxiety preference under the current setting. To reduce the
risk of insufficient energy and improve user satisfaction, the proposed method prioritizes
charging completion once electricity prices and transformer loads become favorable. Con-
sequently, all EVs achieve full charge well before departure while still taking advantage
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of low-price periods, demonstrating that the proposed method can effectively balance
charging anxiety, charging cost, and transformer aging considerations. Overall, by dy-
namically coordinating charging and discharging behaviors according to electricity prices,
transformer loading conditions, and user preferences, the proposed method effectively
balances economic benefits, equipment protection, and user satisfaction, thereby achieving
a high-quality Pareto-optimal solution under the current preference setting.

4.3.3. Scalability Experiment

In order to verify the performance of the proposed method in a larger-scale EV system,
the number of EVs is increased to 32, while the transformer capacity and base load are
proportionally scaled by a factor of four. The step size is set as 0.2.

Table 4 summarizes the performance of different methods under the large-scale sce-
nario. As the number of EVs increases, the dimensionality of the decision space grows
substantially, making it more difficult to obtain high-quality Pareto-optimal solutions. Con-
sequently, the SP method requires extensive evolutionary iterations to search for NDSs,
resulting in the longest computation time of 4589.87 s.

Table 4. Comparison results for various methods in the scalability experiment.

Methods HV (1 × 10−5) SPA NDS Latency Time (s)

NLopt 4477.95 ± 10.92 0.17 ± 0.00 5.09 ± 0.01 144.25 ± 10.37
SP 2610.14 ± 14.52 0.20 ± 0.02 5.45 ± 0.08 4589.87 ± 354.69

MASAC 1566.63 ± 216.33 0.10 ± 0.04 4.44 ± 0.62 0.05 ± 0.01
PD-MATD3 2303.51 ± 202.88 0.12 ± 0.01 4.42 ± 0.89 0.02 ± 0.01

Proposed 3176.54 ± 152.77 0.04 ± 0.00 5.35 ± 0.20 0.05 ± 0.01

Compared with conventional MADRL methods, the proposed method demonstrates
consistently superior performance. Specifically, it achieves an HV value of 3176.54 × 10−5,
which is 102.8% higher than MASAC and 37.9% higher than PD-MATD3, indicating a
significantly better approximation of the Pareto front. Meanwhile, the proposed method
obtains 5.35 NDSs, outperforming MASAC and PD-MATD3 by 20.5% and 21.0%, respec-
tively, and remaining comparable to SP. In terms of Pareto-front distribution quality, the
proposed method achieves the best SPA value of 0.04, representing improvements of 80.0%,
76.5%, 60.0%, and 66.7% over SP, Nlopt, MASAC, and PD-MATD3, respectively, which
demonstrates a more uniform distribution of solutions along the Pareto front.

Furthermore, owing to the multi-Actor parallel decision-making mechanism, the
proposed method requires only 0.05 s for online decision-making, reducing the computation
time by approximately 99.99% compared with SP and 99.97% compared with Nlopt, while
maintaining good Pareto-front quality. Overall, the above analysis results demonstrate its
effectiveness and scalability for large-scale EV coordinated scheduling problems.

4.3.4. Study Without Vehicle-to-Grid

The previous experiments assume that EVs can both charge from and discharge to
the grid. This setting is useful for evaluating the potential of bidirectional EV charging
in reducing charging cost and transformer aging. However, in practical applications,
vehicle-to-grid (V2G) operation may be limited by bidirectional charger availability, user
willingness, and local grid regulations. Therefore, an additional study is conducted to
evaluate the performance of the proposed MOMADRL method without V2G.

In this experiment, the discharging action is disabled by setting the lower charging-
power bound to zero, i.e., amin = 0, and the other experimental settings are also kept the
same. The comparison results are reported in Table 5. The step size is set to 0.2.
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Table 5. Results of study without V2G.

Methods HV (1 × 10−5) SPA NDS Latency Time (s)

NLopt 207.72 ± 6.94 0.0442 ± 0.0038 5.68 ± 0.12 7.90 ± 0.46
SP 186.62 ± 9.54 0.0468 ± 0.0048 5.33 ± 0.11 250.80 ± 19.45
MASAC 60.69 ± 8.50 0.0005 ± 0.0002 4.40 ± 0.20 0.015 ± 0.001
PD-MATD3 129.48 ± 11.98 0.0003 ± 0.0001 4.36 ± 0.49 0.005 ± 0.001
Proposed 136.12 ± 6.51 0.0008 ± 0.0002 5.94 ± 0.22 0.009 ± 0.001

As shown in Table 5, the proposed MOMADRL method still maintains good perfor-
mance. It achieves the highest HV among the learning-based methods, which is 124.3%
higher than MASAC and 5.1% higher than PD-MATD3. Meanwhile, it obtains the best
NDS among all compared methods, indicating that it can still generate more effective
non-dominated solutions without EV discharging. Although its SPA is slightly higher
than MASAC and PD-MATD3, it remains much smaller than those of NLopt and SP. In
terms of online decision-making efficiency, the proposed method keeps a millisecond-level
latency of 9 ms. Therefore, in the study without V2G, the proposed MOMADRL method
still achieves a favorable Pareto-front quality with fast online inference.

4.3.5. Study with Battery Degradation Cost

Frequent EV discharging may accelerate battery degradation. To further examine this
practical factor, an additional study is conducted by incorporating the battery degradation
cost into the charging-cost objective. Specifically, the degradation cost is formulated as [8]:

Ci
deg = CE

∣∣∣ mk
100

∣∣∣∣∣∣∣∣ ai
t∆t
Ωi

∣∣∣∣∣, (30)

where CE is the total battery cost of EVs, which is set to 300 $/kWh, and mk denotes the
slope of the linear approximation of battery life with respect to cycle number, which is set
to −0.015. Then, the charging-cost objective is replaced by the sum of the electricity cost
and the battery degradation cost:

f CC
t =

I

∑
i=1

(CCi
t + Ci

deg), (31)

The other two objectives, namely charging anxiety and transformer LOL, remain
unchanged, and the other experimental settings are also kept the same. The comparison
results are shown in Table 6. The step size is set to 0.2.

Table 6. Results of study with battery degradation cost.

Methods HV (1 × 10−5) SPA NDS Latency Time (s)

NLopt 278.10 ± 8.48 0.0296 ± 0.0034 5.81 ± 0.10 6.98 ± 0.41
SP 273.20 ± 12.93 0.0543 ± 0.0039 3.56 ± 0.08 140.81 ± 19.90
MASAC 111.31 ± 7.27 0.0005 ± 0.0001 4.20 ± 0.32 0.014 ± 0.001
PD-MATD3 146.12 ± 10.54 0.0001 ± 0.0001 3.01 ± 0.61 0.007 ± 0.001
Proposed 240.45 ± 8.52 0.0006 ± 0.0003 5.39 ± 0.17 0.006 ± 0.001

As shown in Table 6, the proposed method still achieves the highest HV among the
learning-based methods, which is 116.0% higher than MASAC and 64.6% higher than
PD-MATD3. Meanwhile, its NDS value reaches 5.39, also outperforming MASAC and PD-
MATD3; its SPA is slightly higher than those of MASAC and PD-MATD3, it remains much
lower than those of NLopt and SP. The proposed method requires only 6 ms, maintaining
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millisecond-level execution. Therefore, the proposed method maintains favorable Pareto-
front quality and fast online inference under the tested battery-degradation-cost setting.

5. Discussion
In this paper, the IEEE standard [39] is assumed to quantify transformer LOL. It is

worth noting that the core of this work is the MOMADRL framework. As a data-driven
approach, the proposed agent optimizes its policy based on the feedback (reward signals)
from the environment. Therefore, changes to the transformer LOL modeling approach are
internal to the environment and do not affect the validity of the proposed method. Should
more precise or realistic methods be developed in the future to better reflect actual aging
conditions, they could be integrated by updating the reward calculation module, while the
agent’s learning mechanism would remain effective.

In addition, the influence of transformer parameter variations and system setup scal-
ability has been further investigated. Variations in key thermal parameters, including
ambient temperature, top-oil time constant, and winding time constant, may affect the
transformer thermal response and consequently the calculated LOL. However, the sensi-
tivity analysis results in Table 7 show that the proposed method maintains consistently
stable Pareto-front quality under all tested parameter settings. Specifically, the obtained
NDS remains highly comparable to that of the optimal Nlopt solver, while the SPA values
remain within a narrow range of 0.0007–0.0009, indicating a uniformly distributed Pareto
front. Moreover, the HV values exhibit only minor fluctuations across different parameter
settings. These results demonstrate that the proposed method is not sensitive to variations
in transformer thermal characteristics.

Table 7. Comparison of Pareto-quality metrics and deviations in sensitivity analysis.

Parameter
Ambient Temperature θA Top-Oil Time Constant τTO Winding Time Constant τW

40 ◦C 20 ◦C 10 ◦C 6.860 8.232 5.488 0.080 0.096 0.064

HV
Nlopt 241.30 244.92 247.10 241.30 244.18 238.62 241.30 242.65 239.78

Proposed 190.11 193.24 195.10 190.11 192.03 187.95 190.11 191.08 188.84

SPA
Nlopt 0.0424 0.0409 0.0398 0.0424 0.0413 0.0440 0.0424 0.0417 0.0432

Proposed 0.0007 0.0008 0.0008 0.0007 0.0007 0.0009 0.0007 0.0007 0.0008

NDS
Nlopt 5.90 5.94 5.98 5.90 5.93 5.86 5.90 5.91 5.88

Proposed 5.92 5.85 5.99 5.92 5.93 5.89 5.92 5.83 5.90

To further examine the scalability of the proposed method beyond the benchmark
eight-EV case, an additional 32-EV residential charging scenario is tested. As the system
scale increases, the number of agents, charging demand, and optimization complexity also
increase, resulting in a more challenging scheduling problem. However, these changes do
not affect the implementation framework of the proposed MOMADRL method. To verify
its scalability, an additional experiment was conducted on a larger residential system with
a 200 kVA transformer serving 32 households. As shown in Table 4, the proposed method
continues to outperform the other learning-based baselines, achieving the highest NDS and
the best SPA while maintaining a computation time of only 0.05 s. These results demonstrate
that the proposed method can preserve fast online inference and high-quality Pareto-front
approximation among learning-based methods under larger-scale residential scenarios.

Although the above results demonstrate the effectiveness of the proposed MOMADRL
method under the tested simulation settings, several practical limitations should be ac-
knowledged. First, the V2G operation considered in this study depends on the availability
of bidirectional chargers, compatible EV battery-management systems, reliable commu-

https://doi.org/10.3390/electronics15143100

https://doi.org/10.3390/electronics15143100


Electronics 2026, 15, 3100 21 of 24

nication and metering infrastructure, and appropriate market or regulatory mechanisms.
Therefore, the V2G-based results should be interpreted as potential benefits under assumed
bidirectional charging availability, rather than direct deployment-ready validation for all
residential users.

Second, user acceptance remains an important practical factor. EV owners may be con-
cerned about battery degradation, warranty coverage, privacy, insufficient compensation,
and whether the desired SOC can be reached before departure. Practical implementation
should therefore include SOC guarantees, opt-out mechanisms, and suitable incentive or
compensation schemes.

Third, the current formulation mainly focuses on charging cost, charging anxiety,
and transformer LOL, while other distribution-network constraints, such as AC power-
flow feasibility, nodal voltage limits, feeder capacity limits, congestion, and phase im-
balance, are not explicitly modeled. These factors may further restrict feasible charg-
ing and discharging actions in real networks. Future work will incorporate power-flow,
voltage-security, and feeder-capacity constraints to improve the practical applicability of
the proposed framework.

6. Conclusions
To address the strong randomness and multi-objective characteristics of the ECOTL

problem, we propose a MOMADRL framework based on a multi-Actor–Critic design.
The proposed method is intended to approximate a set of preference-specific charging
policies for balancing charging cost, charging anxiety, and transformer LOL, while main-
taining fast online inference. Comparative experiments with different benchmarks yield
the following results:

The proposed MOMADRL method deploys multiple Critic networks for each agent,
where each Critic learns value functions with distinct preferences to guide multiple Actors
in personalized learning of Pareto-optimal strategies. In the training stage, the proposed
method shows consistently better convergence performance than the learning-based base-
lines. Averaging the converged rewards over the four preference settings, MASAC achieves
a final reward of approximately −4.85, PD-MATD3 reaches −4.55, while the proposed
method attains the highest reward of approximately−4.25. Moreover, the proposed method
converges approximately 16% and 10% faster than MASAC and PD-MATD3, respectively,
verifying its improved training performance.

Meanwhile, through the multi-Actor design, the proposed MOMADRL method exe-
cutes personalized charging decisions tailored to distinct preferences. During the testing
phase of the semi-synthetic case study, it achieves the best HV among the learning-based
methods, improving HV by 95.0–96.8% over MASAC and 11.4–12.8% over PD-MATD3
under different step sizes, while also obtaining the highest NDS values among the learning-
based methods. Although an HV gap remains compared with the optimization-based
benchmarks NLopt and SP, the proposed method achieves millisecond-level online decision-
making and is at least 400 times faster than these benchmarks. These results demonstrate
that the proposed method achieves a better Pareto-front approximation than the other
learning-based baselines while maintaining fast online inference in the tested residential
EV charging case study. In the scalability experiment with 32 EVs, the proposed method im-
proves HV by 102.8% and 37.9% over MASAC and PD-MATD3, respectively, and maintains
a low latency of 0.05 s, demonstrating its scalability for larger EV coordinated scheduling
problems. In the study without V2G, it still achieves the highest HV among the learning-
based methods, with improvements of 124.3% and 5.1% over MASAC and PD-MATD3,
respectively, and obtains the best NDS value. In the study with battery degradation cost,
it further improves HV by 116.0% and 64.6% over MASAC and PD-MATD3, respectively,

https://doi.org/10.3390/electronics15143100

https://doi.org/10.3390/electronics15143100


Electronics 2026, 15, 3100 22 of 24

while maintaining millisecond-level execution. These results indicate that the proposed
method shows promising scalability and adaptability under the tested 32-EV, no-V2G, and
battery-degradation-cost scenarios.

Looking ahead, although the IEEE standard [38] provides a standardized theoretical
basis for transformer LOL modeling, future work could validate the proposed framework
using field data or more detailed aging models to further enhance its practical applicability.
The current study is conducted under simulation-based residential EV charging scenarios.
In practical applications, V2G deployment depends on the availability of bidirectional
chargers, compatible EV battery-management systems, reliable communication and me-
tering infrastructure, user willingness, and appropriate market or regulatory mechanisms.
Moreover, several real-world constraints need to be further considered. User acceptance is
particularly important, as EV owners may be concerned about battery warranty, privacy,
and insufficient economic incentives. In addition, voltage limits and feeder capacity con-
straints are critical operational factors in real distribution networks. Therefore, future work
will incorporate user participation behavior, AC power-flow constraints, nodal voltage lim-
its, and feeder congestion constraints to improve the practical applicability of the proposed
method. Meanwhile, the proposed MOMADRL framework provides a flexible approach for
multi-objective problems, especially for scenarios with strong randomness and dynamics
that require fast control. This framework can also be combined with uncertainty modeling
methods to improve robustness. As the number of EVs increases, the network parameters
and coordination complexity will grow significantly. Therefore, we will also design more
scalable methods for large-scale multi-objective EV scheduling problems in future work.
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Abbreviations

EV Electric vehicle
LOL Loss of life
ECOTL EV charge optimization concerning transformer LOL
MOMADRL Multi-objective multi-agent deep reinforcement learning
MADRL Multi-agent deep reinforcement learning
IEA International Energy Agency
DN Distribution network
GA Genetic algorithms
PSO Particle swarm optimization
MOEA Multi-objective evolutionary algorithm
MOEA/D Multi-objective evolutionary algorithm based on decomposition
DRL Deep reinforcement learning
SOC State of charge
Dec-POMDP Decentralized partially observable Markov decision process
MO-Dec-POMDP Multi-objective Dec-POMDP
AMI Advanced metering infrastructure
SP Stochastic programming
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MASAC Multi-agent soft Actor–Critic
PD-MATD3 Preference-driven multi-agent twin delayed deep deterministic policy gradient
NDS Non-dominated Solution
HV Hypervolume
SPA Spacing
V2G Vehicle-to-grid
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