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A B S T R A C T

The growing popularity of electric vehicles (EVs) and the unpredictable behavior of EV owners have attracted
attention to real-time coordination of EVs charging management. This paper presents a hierarchical structure
for charging management of EVs by integrating fairness and efficiency concepts within the operations of
the distribution system operator (DSO) while utilizing a multi-agent deep reinforcement learning (MADRL)
framework to tackle the complexities of energy purchasing and distribution among EV aggregators (EVAs). At
the upper level, DSO calculates the maximum allowable power for each EVA based on power flow constraints
to ensure grid safety. Then, it finds the optimal efficiency-Jain tradeoff (EJT) point, where it sells the highest
energy amount while ensuring equitable energy distribution. At the lower level, initially, each EVA acts as an
agent employing a double deep Q-network (DDQN) with adaptive learning rates and prioritized experience
replay to determine optimal energy purchases from the DSO. Then, the real-time smart dispatch (RSD)
controller prioritizes EVs for energy dispatch based on relevant EVs information. Findings indicate the proposed
enhanced DDQN outperforms deep deterministic policy gradient (DDPG) and proximal policy optimization
(PPO) in cumulative rewards and convergence speed. Finally, the framework’s performance is evaluated against
uncontrolled charging and the first come first serve (FCFS) scenario using the 118-bus distribution system,
demonstrating superior performance in maintaining safe operation of the grid while reducing charging costs
for EVAs. Additionally, the framework’s integration with renewable energy sources (RESs), such as photovoltaic
(PV), demonstrates its potential to enhance grid reliability.
1. Introduction

1.1. Motivation

In recent years, electric vehicles (EVs) have attracted attention for
their environmentally friendly nature and higher efficiency compared
to fossil-fueled vehicles (Bai et al., 2024). The growing number of EVs,
however, may pose challenges such as voltage fluctuations, transformer
overloading, and power outages (Bao, Hu, & Mujeeb, 2024). Additional
challenges in the charging process of EVs arise from uncertainties
associated with EV users’ behavior, non-EV load demand, renewable
energy sources (RESs), and fluctuations in electricity prices (Madahi,
Kamrani, & Nafisi, 2022). On the other hand, EVs provide flexibility,
allowing them to participate in energy markets (Qi, Liu, Lu, Yu, &
Degner, 2023), demand response programs (Jin, Zhou, Lu, & Song,
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2022), and ancillary services (Kiani, Sheshyekani, & Dagdougui, 2023)
facilitated by aggregators. Consequently, the efficient management of
EV charging is of significant importance for both DSO and aggregators.

EVs online charging management has consistently presented chal-
lenges for DSO and aggregators due to the uncertain nature of this prob-
lem. Traditional EV charging strategies, based on optimization, require
substantial computational resources, so their performance is heavily
reliant on prior knowledge of the system (Zhang, Rao, Liu, Zhang, &
Zhou, 2023). In contrast to the traditional approaches, reinforcement
learning (RL) enables learning optimal control strategies through the
interaction between agents and the environment, without the need for
an accurate system model and uncertainties (Ding et al., 2020). More-
over, unlike offline and prediction-based optimization methods which
are computationally intensive, learning-based strategies offer a balance
between online implementation and achieving optimal solutions (Arwa
vailable online 9 January 2025
666-8270/© 2025 The Authors. Published by Elsevier Ltd. This is an open access art
c-nd/4.0/).
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& Folly, 2020). Hence, RL is proficient at efficiently solving sequential
ecision problems in complex and uncertain environments, including
Vs real-time charging optimization.

1.2. Related works

In previous years, EV fleet charging management utilizing RL al-
orithms has increased attention (Abdullah, Gastli, & Ben-Brahim,

2021). Cao, Wang, Li, and Zhang (2022) proposed an RL-based smart
harging algorithm to reduce the charging cost while considering peak

load shaving under uncertainties related to EV owners. Moreover,
an enhanced customized actor–critic learning algorithm is introduced
to reduce the state dimension and thus improve the computational
efficiency. Zhang, Yang, An, Li, and Wu (2023) employed a multiagent
deep deterministic policy gradient approach to acquire the optimal
nergy purchasing strategy for charging stations. Additionally, an on-
ine heuristic dispatching scheme is proposed to formulate an energy
istribution strategy among EVs. Zhang, Liu, Wu, Tang, and Fan (2021)
nitially introduced the EV charging scheduling problem and the NP-
ardness of the problem is demonstrated. Subsequently, the scheduling
roblem of EV charging is formalized as a Markov decision process
MDP), and deep RL algorithms are suggested for its resolution. The
lgorithms proposed aim to minimize the total charging time of EVs and
chieve a maximal reduction in the origin–destination distance. While

this paragraph discusses existing research in the domain of RL-based EV
fleet charging, notable shortcomings persist in the field. The mentioned
works can be broadly categorized into two groups: the first focuses
on centralized management with a single controller entity utilizing
single-agent RL, while the second employs multi-agent reinforcement
learning (MARL) for decentralized optimization, treating each EV as an
agent. Notably, to the best of the authors’ knowledge, only few studies
consider the EV aggregator (EVA) as an agent in a MARL environment
for maximizing its benefit by managing the purchasing and distribution
strategy of energy among EVs simultaneously. Additionally, in the
domain of RL-based charging management of EVs, there is a lack of
work addressing the acceleration of RL algorithm convergence speed
for real-time purposes.

As modern society continues to advance, the demand for electricity
is steadily rising, leading to an increase in the scale and complexity of
power systems (Wang, Chen, Zhou, Liu, & Peng, 2024). Allocating re-
ources among users is a common challenge in any distributed system.

In power distribution systems, a fair allocation ensures each consumer
eceives an equitable share of power. However, an efficient allocation

is achieved when the DSO sells the maximum allowable power to each
onsumer. While DSO’s goal is to maximize efficiency, consumers are
ore inclined to maximize their benefits, often resulting in conflicts of

nterest (Sediq, Gohary, Schoenen, & Yanikomeroglu, 2013). Fairness
can be incorporated into any resource allocation problem, regardless of
its application. However, it is often overlooked in power system studies,
with only a few research investigating it. Hupez, Toubeau, De Grève,
nd Vallée (2021) developed a structure to exchange energy within a

low voltage community whose goal is to minimize the overall commu-
ity cost. The structure exploits the resilience offered by surplus storage
nd generation capacity, and then it uses the Nash equilibrium to
airly share the overall cost among members. However, the approach is
urely economic-centered, failing to consider equitable access to energy
esources among members. On the other hand, Hussain and Musilek

(2022) focuses on fair energy allocation during power contingencies.
It utilizes Jain’s fairness index (JFI) to evaluate and enhance fairness
in energy allocation among EVs during outages. However, the study
focuses on just one charging station and uses simulations that update
every hour, which is not practical for real-time use. Other studies on
fairness within power systems scope focus on PV curtailment during
off-peaks to avoid reverse power flow and overvoltage issues (Poudel,

ukherjee, Sadnan, & Reiman, 2023). The mentioned research con-
siders fairness from the perspective of load balancing, not from the
2

standpoint of equitable resource allocation.
Unlike fairness, the literature on hierarchical frameworks on EV

charging scheduling is rich. At the EV level, the main goal of these
frameworks is to fulfill the charging demands of EV users. However,
at the DSO and aggregator levels, these frameworks aim to tackle
goals, such as peak shaving (Wu, Radhakrishnan, & Huang, 2019),
educing demand charges (Saner, Trivedi, & Srinivasan, 2022), min-

imizing EV charging costs (Kiani, Sheshyekani, & Dagdougui, 2024),
nd privacy preservation (Amini, McNamara, Weng, Karabasoglu, &

Xu, 2018). In this context, (Wu et al., 2019) proposed a two-level
hierarchical framework to involve EVs in peak shaving while meeting
users’ demands.

However, the paper primarily focuses on demand management and
rid services facilitation without considering the power flow constraints
o ensure the safe operation of the grid. Additionally, a distributed
odel predictive control-based strategy for multiple EV charging sta-

ions is proposed by Zheng, Song, Hill, and Meng (2019). While the
roposed strategy is online and capable of ensuring the grid’s safe
peration, it depends on the charging station operator having access
o the grid’s parameters. However, this may not always be feasible due
o concerns over data privacy and the varying economic interests of
ifferent charging stations.

Furthermore, Saner et al. (2022) formulated the EV charging schedul
ing problem as a multi-agent based optimization in a distributed and
privacy-preserved manner. Although the grid’s security constraints are
satisfied in the proposed scheme, it initially sets a fixed charging
schedule for EVs upon their arrival without reassessing the charging
plans based on subsequent changes in the grid’s load.

1.3. Contributions

To address the previously mentioned issues, an online safe multi-
agent deep reinforcement learning (MADRL) framework for energy pur-
chasing and distribution of EVAs has been introduced. This framework
ensures data privacy for all entities while simultaneously considering
their respective benefits. Moreover, in the proposed MADRL frame-
work, a double deep Q-network (DDQN) featuring adaptive learning
rates and a prioritized experience replay is employed to enhance the
convergence of the agent towards optimality and make it particularly
ffective for online applications. Last but not least, at the level of

DSO, energy dispatch among EVAs has been done based on optimal
efficiency-Jain tradeoff (EJT) and constraint of the distribution network
to ensure fairness and reliability of the framework.

Overall, the key contributions of this study can be summarized as
follows:

• Presenting an online safe MADRL framework aimed at minimizing
the purchasing and distribution costs of EVAs while accounting
for distribution network constraints, which incorporates a DDQN
algorithm featuring adaptive learning rates and prioritized expe-
rience replay for accelerated convergence compared to traditional
RL techniques.

• Ensuring the safe operation of the grid by calculating the max-
imum allowable power based on real-time grid conditions, and
leveraging these calculations to determine the optimal EJT point.
This approach guarantees fair power allocation among EVAs
while enabling the DSO to sell the maximum amount of power
at each time step.

• Preserving the privacy of EV owners, EVAs, and DSO, eliminating
the need for them to share their respective data in the proposed
hierarchical structure. Furthermore, the structure prioritizes the
mutual benefits of all stakeholders involved simultaneously.

The remainder of this paper is structured as follows: Section 2
provides an overview of the proposed framework. In Section 3, we pro-
ide a detailed explanation of the proposed MADRL model, including
he method for determining the maximum allowable power and the
ntegration of fairness into our work. Section 4 discusses the case study,

followed by an analysis of simulation experiments in Section 5. Finally,
conclusion and future work are summarized in Section 6.
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Fig. 1. Proposed framework.
2. Proposed framework

2.1. Developed model

The top-down approach of our proposed hierarchical framework
is shown in Fig. 1. At the upper level, the responsibility of assuring
the reliability of the distribution network and fair energy allocation
to EVAs is held by the DSO. In this framework, the DSO initiates
the calculation of the maximum allowable power allocated (i.e., safe
margin) to each EVA at each time step. This computation is based on
non-EV loads, the location of each EVA on the distribution network,
and load flow constraints. Moreover, at the level of DSO, optimal EJT
strategy is employed to assure fairness in energy allocation among
EVAs. Ultimately, a signal set point indicating the maximum power
available for purchase is transmitted from the DSO to each EVA at
every time step. At the lower level, which is comprised of two sub-
levels, first, EVAs act as agents within the proposed MADRL structure,
determining the optimal amount of energy to purchase from DSO at
each time step. They make decisions based on data provided by the DSO
and RSD controller, which includes electricity price, the average state of
charge (SoC) of their associated EVs, and the number of EVs involved.
The amount of energy purchased should be carefully calibrated to meet
the needs of EVs without being too low, as well as avoiding excess
that could result in wastage. Afterward, the RSD controller conducts
EV prioritization for energy dispatch at each time step by sorting the
EVs based on their departure time, SoC, and maximum charging rate.
This process involves considering the energy acquired by EVAs and
subsequently dispatching it among the EVs. In this framework, when it
comes to preserving the privacy of stakeholders, the DSO is not required
to share any sensitive data regarding the distribution network topology
with the EVAs. Furthermore, EVAs avoid sharing consumer data with
both each other and the DSO. The only data that each EVA receives
is generalized cumulative information about its associated EVs from
RSD controller. From the perspective of stakeholders’ benefits, the DSO
ensures distribution system reliability and scalability, EVAs receive a
fair energy allocation to maximize their profits, and EV owners obtain
an energy dispatch service from RSD that considers the lifespan of EV
batteries and the desired final SoC.
3

2.2. Application of MADRL

Traditional optimization methods struggle to handle the dynamic
and multi-dimensional nature of real-time decision-making, such as the
charging management of EVs. These methods often fail when faced
with a high degree of uncertainty related to EV owners’ behavior and
fluctuating real-time electricity prices (Paudel & Das, 2023). However,
MADRL is highly effective in these environments because it contin-
uously learns and adapts to changes, handles complex interactions
between agents, and is well-suited for managing real-time energy dis-
tribution and EV charging challenges (Yuan, Forhad, Bansal, Sidorova,
& Albert, 2024). Moreover, MADRL supports scalability by enabling
a large number of EVAs to operate and learn in parallel without the
need for centralized control, thereby reducing computational overhead.
Finally, in terms of privacy, since each EVA (agent) only needs gener-
alized cumulative information and does not require access to detailed
consumer data and the entire network topology, privacy is preserved
for all stakeholders.

3. Problem formulation

3.1. Safe margin power

The safe margin power is a parameter obtained by DSO which
guarantees the safe operation of the grid. This parameter indicates the
maximum power that each EVA is allowed to draw at each time step.
Inspired by Saner et al. (2022), we propose an optimization problem to
calculate this value. In this regard, let 𝑁 denotes the total number of
buses in the grid. For each bus 𝑛, if an EVA is present, its associated safe
margin power is represented as 𝑃 𝑎𝑔 𝑔𝑛 (𝑡); otherwise, the value is set to 0.
Therefore, the vector of safe margin power at time step 𝑡, 𝐏𝑆 𝑀 (𝑡), can
be defined as a vector of length 𝑁 , where each element corresponds
to a bus in the grid. This vector will be obtained such that the sum
of its elements is maximized. DSO calculates 𝐏𝑆 𝑀 (𝑡) |𝑡∈𝑇 online and
dispatches equitably adjusted values of the vector to their respective
EVAs. To achieve the first goal, DSO solves the following optimization
problem at each time step:

𝐏𝑆 𝑀 (𝑡) = ar g max
𝑉𝑛,𝜑𝑛,

{ 𝑁
∑

𝟏{𝑛∈} ⋅ 𝑃
𝑎𝑔 𝑔
𝑛 (𝑡)

}

(1a)

(𝑛,𝑏)∈ 𝑛=1
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s.t. 𝑃𝑛𝑏 = 𝑦𝑛𝑏
(

𝑉 2
𝑛 cos

(

𝜙𝑛𝑏
)

− 𝑉𝑛𝑉𝑏 cos
(

𝜑𝑛 − 𝜑𝑏 − 𝜙𝑛𝑏
))

, (1b)

𝑄𝑛𝑏 = 𝑦𝑛𝑏
(

𝑉 2
𝑛 sin(𝜙𝑛𝑏) − 𝑉𝑛𝑉𝑏 sin(𝜑𝑛 − 𝜑𝑏 − 𝜙𝑛𝑏)

)

, (1c)

∑

∶𝑦𝑛𝑏≠0
𝑃𝑛𝑏 =

𝑃 𝑔𝑛 (𝑡) −
(

𝑃 𝑑𝑛 (𝑡) + 𝑃 𝑎𝑔 𝑔𝑛 (𝑡)
)

𝑆𝑏𝑎𝑠𝑒
, (1d)

∑

∶𝑦𝑛𝑏≠0
𝑄𝑛𝑏 =

𝑄𝑔𝑛(𝑡) −𝑄𝑑𝑛 (𝑡)
𝑆𝑏𝑎𝑠𝑒

, (1e)

𝑉𝑛 ≤ 𝑉𝑛 ≤ 𝑉𝑛, (1f)

𝜑𝑛 ≤ 𝜑𝑛 ≤ 𝜑𝑛, (1g)

√

𝑃 2
𝑛𝑏 +𝑄

2
𝑛𝑏 ≤

𝑆𝑛𝑏
𝑆𝑏𝑎𝑠𝑒

, (1h)

where  and  represent the set of buses with EVAs and all the buses
in the distribution system, respectively. Accordingly, the pair (𝑛, 𝑏) ∈ 
specifies the connections between buses, where 𝑛 and 𝑏 are indices of
the connected buses. Additionally, 𝟏{𝑛∈} is an indicator function that
equals 1 if bus 𝑛 has an EVA (i.e., 𝑛 ∈ ), and 0 otherwise. This function
ensures that 𝑃 𝑎𝑔 𝑔𝑛 (𝑡) contributes to the sum only if an EVA is present at
bus 𝑛.

Furthermore, 𝑉𝑛∠𝜑𝑛 denotes the per-unit voltage at bus 𝑛, and
𝑦𝑛𝑏∠𝜙𝑛𝑏 indicates the series admittance between buses 𝑛 and 𝑏. The
active and reactive power flows on the branch from bus 𝑛 to bus 𝑏 are
represented by 𝑃𝑛𝑏 and 𝑄𝑛𝑏, respectively. The problem also considers
active and reactive power generated (𝑃 𝑔𝑛 (𝑡) and 𝑄𝑔𝑛(𝑡)) and consumed
(𝑃 𝑑𝑛 (𝑡) and 𝑄𝑑𝑛 (𝑡)) at each bus 𝑛, along with the power consumption
of EVAs (𝑃 𝑎𝑔 𝑔𝑛 (𝑡)) where applicable. Constraints (1f) to (1h) indicate
voltage magnitude, voltage angle, and apparent power flow limits,
respectively, which are operational constraints and ensure the sys-
tem’s safety and reliability. In this context, the overline and underline
symbols indicate the upper and lower limits for parameters, respec-
tively. Moreover, 𝑆𝑏𝑎𝑠𝑒 represents the base power used for per-unit
calculations.

As outlined in (1), the safe margin power indicates the maximum
llowable power that can be drawn from each bus while respecting

the grid’s operational constraints. This question then arises: how much
of this power should be allocated to the EVA connected to that bus?
Allocating the entire amount to the corresponding EVA is one strategy.
Nevertheless, this might not be equitable for other EVAs and loads.

he fairness issue arises because an EVA’s location in the grid and the
oads on that branch mainly determine the safe margin value, making
t unlikely for all EVAs to have equal safe margin values. Furthermore,
ssigning the entire safe margin to an EVA allows it to increase its
ower to this limit, possibly leading to line congestion or voltage drop.
his is particularly problematic if other loads on the same branch also
ish to increase their consumption, leading the DSO to restrict such

ncreases to ensure grid stability. In the next section, we present a
trategy to achieve the optimal EJT point that takes into account the
SO benefit and ensures fair assignment of the maximum power to each
VA.

3.2. Fair resource allocation

To effectively meet the demands of EV owners while maintaining
he safe operation of the grid, it is essential to allocate a fair maximum

power limit for each EVA. The fairness indicator used in this study
(i.e., JFI) is originally used in communication networks but also applies
to other fields (Jain, Chiu, Hawe, et al., 1984).

Let 𝐏 be a vector whose elements indicate the benefits, i.e., the
allocated power, determined by DSO for 𝐼 EVAs. Consider 𝐏 ∈  ⊆ R𝐼+,
where  contains all the possible benefit vectors bounded by the safety
margins. The space R𝐼+ contains all vectors with dimensions 𝐼 that have
non-negative components. Each element of 𝐏 (i.e., 𝑃𝑖) corresponds to
the allocated power of the 𝑖th EVA.
4

Definition 1 (JFI (Jain et al., 1984) and Efficiency). For 𝐏 ∈ R𝐼+, Jain’s
fairness index 𝐽 ∶ R𝐼+ → I+ and efficiency 𝜓 ∶ R𝐼+ → R+ are respectively
obtained by

𝐽 (𝐏) =
( 𝐼
∑

𝑖=1
𝑃𝑖

)2
/

𝐼
𝐼
∑

𝑖=1
𝑃 2
𝑖 , (2)

𝜓 (𝐏) =
𝐼
∑

𝑖=1
𝑃𝑖, (3)

where 𝐼 represents the total number of EVAs. The fairness of this
allocation is quantified by 𝐽 (𝐏). It is a continuous function with a
range from 1

𝐼 to 1. A value of 𝐽 (⋅) = 1
𝐼 corresponds to least fair

allocation, where only one EVA receives a non-zero values. Conversely,
𝐽 (⋅) = 1 indicates the most fair distribution, with every EVA receiving
an identical value as the allocated power.

There is often a trade-off between resource efficiency and JFI (Sediq
et al., 2013). Our goal is to find the optimal balance between the two,
maximizing efficiency while keeping JFI close to 1.

Definition 2 (Optimal EJT (Sediq et al., 2013)). Let  be a set of vectors,
and 𝐏∗ be an element of . The element 𝐏∗ is considered to be the
optimal EJT if no 𝐏 ≠ 𝐏∗, satisfies either: (1) 𝜓(𝐏) > 𝜓(𝐏∗), and at the
same time, 𝐽 (𝐏) ≥ 𝐽 (𝐏∗), or (2) 𝜓(𝐏) ≥ 𝜓(𝐏∗), and at the same time,
𝐽 (𝐏) > 𝐽 (𝐏∗).

The concept described in the above definition is similar to the situ-
ation in multi-objective optimization problems. Having both efficiency
and JFI as objectives, an optimal point is reached when any attempt
to improve one objective worsens the other. A technique to obtain the
ptimal EJT is presented by Sediq et al. (2013). In order to effectively
epresent the proposed technique, we first need to introduce some key
erms. Let 𝜏 indicates the minimum efficiency. Additionally, we can
efine the set of benefit vectors that meet two criteria: they exceed the
alue of 𝜏, while at the same time having the highest possible JFI. We
efer to this set as:

𝜏 ≜
{

𝐏|𝐏 = ar g max
𝜓(𝐏)≥𝜏 , 𝐏∈

𝐽 (𝐏)
}

. (4)

The goal is to identify the benefit vectors that provide the optimal
EJT, so those that maximize the 𝜓 (𝐏) are favorable. In this regard, we
onsider 𝐏∗

𝜏 to be the chosen benefit vector that fulfills this condition
f optimal EJT in relation to 𝜏, as expressed by:

𝐏∗
𝜏 ∈ ar g max

𝐏∈𝜏
𝜓 (𝐏) . (5)

Eqs. (4) and (5) satisfy the condition in Definition 2. Therefore, the
et of benefit vectors that possess the optimal EJT can be obtained in

a procedure that iteratively adjusts the value of 𝜏 from its maximum
(𝜏max) to its minimum (𝜏min) in decrements of a step size 𝜀. Given the
non-concave nature of 𝐽 (𝐏) (Sediq et al., 2013), using this method
for real-time applications is not practical, especially when the set 
contains a large number of possible benefit vectors. Therefore, finding
n alternative solution for such applications is of great importance. In

this respect, (Sediq et al., 2013) prove the existence of an alternative
equivalent function to obtain 𝐏∗

𝜏 for any convex set :

𝐏∗
𝜏 = ar g min

𝜓(𝐏)=𝜏 , 𝐏∈
‖𝐏‖2. (6)

Since each element of benefit vectors in  is bounded by its corre-
sponding safety margin value,  is considered a hyperrectangle, which
makes it a convex set (Boyd & Vandenberghe, 2004). Utilizing (6) in

lgorithm 1 enables us to compute the optimal EJT, which, in the scope
f this paper, means an efficient fair maximum allocated power for each

EVA.
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Algorithm 1 Obtaining optimal EJT
Input: Distribution system model, operational constraints (1f) to (1h),

non-EV loads, time step number 𝑇 , and step 𝜀 > 0
utput: 𝐏∗

𝜏
1: Initialize grid parameters
2: for 𝑡 = 0 to 𝑇 do
3: Formulate and solve (1)
4: Form the set  using 𝐏𝑆 𝑀
5: Compute 𝜏min = min

𝐏∈
𝜓 (𝐏) , 𝜏max = max

𝐏∈
𝜓 (𝐏), and 𝐿 =

⌊(

𝜏max − 𝜏min
)

∕𝜀
⌋

6: for 𝑙 = 0 to 𝐿 do
7: 𝜏 = 𝜏max − 𝜀𝑙
8: Compute 𝐏∗

𝜏 using (6)
9: if 𝐽

(

𝐏∗
𝜏
)

= 𝐽
(

𝐏∗
𝜏+𝜀

)

then
10: break
11: end if
12: end for
13: end for
14: return 𝐏∗

𝜏

3.3. MDP formulation of EVAs energy purchasing problem

MDP formulation of EVAs purchasing and distribution of energy
ithin this framework has been inspired by Zhang, Yang, et al. (2023).

Accordingly, here are essential notations and definitions for the MDP
outlined in this work.

Agents 𝑖: in this framework, each EVA is considered as an agent.
Here the number of agents is denoted as 𝐼 .

State Space {𝑆𝑖}𝑖∈𝐼 : the state space of the environment is denoted as
𝑖𝑡 = {𝑆 𝑜𝐶𝑎𝑣𝑖,𝑡 , 𝑁𝐸 𝑉

𝑖,𝑡 , 𝑒𝑔𝑖,𝑡} for each EVA 𝑖 at a time step 𝑡 where 𝑆 𝑜𝐶𝑎𝑣𝑖,𝑡 is
he average SoC of all EVs; 𝑁𝐸 𝑉

𝑖,𝑡 is the number of available EVs during
harging process; and 𝑒𝑔𝑖,𝑡 is the electricity purchasing price for the EVAs
hich is determined by DSO.

Observation Space {𝑂𝑖}𝑖∈𝐼 : this work adopts the common assump-
tion that the state of the environment is partially observable for an
agent. Each agent 𝑖 can gain only the observation 𝑜𝑖𝑡 = {𝑆 𝑜𝐶𝑎𝑣𝑖,𝑡 , 𝑁𝐸 𝑉

𝑖,𝑡 , 𝑒𝑔𝑖,𝑡}
Action Space {𝐴𝑖}𝑖∈𝐼 : the agent 𝑖’s discrete action space is specified

as 𝑎𝑖𝑡 = 𝑃 𝑔𝑖,𝑡, with 𝑃 𝑔𝑖,𝑡 representing the amount of power purchased by
agent 𝑖 from the main grid at time step 𝑡.

0 ≤ 𝑃 𝑔𝑖,𝑡 ≤ 𝑃max
𝑖,𝑡 . (7)

𝑃max
𝑖,𝑡 ∈ 𝐏∗

𝜏 indicates the maximum power that DSO can dedicate to
agent 𝑖 at time step 𝑡.

Transition Dynamic 𝑓 (𝑠𝑖,𝑡, 𝑎1𝑖,𝑡, 𝑎2𝑖,𝑡,… , 𝑎𝑛𝑖,𝑡) → 𝑠𝑖,𝑡+1 depict the prob-
ability of the environment transitioning from state 𝑠𝑖,𝑡 to 𝑠𝑖,𝑡+1 when
agent 𝑖 undertake actions 𝑎1𝑖,𝑡, 𝑎2𝑖,𝑡,… , 𝑎𝑛𝑖,𝑡.

Reward Function: the reward function in this study takes into
ccount both the profit gained from selling power to the EVs and the
ost of purchasing energy from the main grid simultaneously. Hence,
n this paper, the reward function for an agent 𝑖 is defined as follows:

𝑟𝑖𝑡 = (
𝑍
∑

𝑧=1
𝑃 𝑠𝑧,𝑡 ⋅ 𝑒

𝑠
𝑖,𝑡 − 𝑃

𝑔
𝑡,𝑖 ⋅ 𝑒

𝑔
𝑖,𝑡) × 𝛥𝑇 , (8)

where 𝑍 is the index of EVs set, 𝑃 𝑠𝑧,𝑡 denotes the volume of power that
n EV 𝑧 buys from EVA and receives from RSD controller in time step 𝑡,
𝑔
𝑡,𝑖 is the volume of power that the EVA 𝑖 purchased from the main grid.

Additionally, 𝑒𝑠𝑖,𝑡 represents the unit price of power sold by an EVA to
Vs, 𝑒𝑔𝑖,𝑡 is the unit price of power purchased by an EVA from the main

grid, and 𝛥𝑇 represents the duration of each time step.

3.4. Enhanced DDQN

The DDQN represents a reinforcement learning algorithm designed
o tackle challenges in sequential decision-making. Unlike the standard
5

DQN, DDQN incorporates two Q-networks to mitigate Q-value overesti-
mation issues (Aljohani, Ebrahim, & Mohammed, 2021). Compared to
actor–critic methods like deep deterministic policy gradient (DDPG),
which require training both an actor network for policy and a critic
network for value estimation, DDQN is computationally less intensive
and easier to tune because it only needs to train two similar Q-
networks, simplifying the implementation. Furthermore, a prior study
by Dorokhova, Martinson, Ballif, and Wyrsch (2021) on RL for EV
management highlighted that the DDPG algorithm is highly sensitive
to hyperparameter selection, where even a single incorrect parameter
can significantly disrupt the learning process. DDQN works well in
environments where actions are discrete and the dimensionality of the
state space is not excessively high (Nguyen, Nguyen, & Nahavandi,
2020).

The two networks in DQQN serve distinct purposes: one for action
election and the other for Q-value estimation. The choice of actions is
etermined by the online network based on greedy algorithms, while

the estimation of Q-values for the selected actions is carried out by the
target network. The target Q value for each agent can be calculated as
follows:
𝑌𝑖,𝑡 = 𝑟𝑖𝑡 + 𝛾𝑖𝑄𝑖,𝑡 ( 𝑠𝑖,𝑡+1,

ar gmax𝑎𝑄𝑖,𝑡
(

𝑠𝑖,𝑡+1, 𝑎𝑖,𝑡+1; 𝜃𝑖,𝑡
)

; 𝜃−𝑖,𝑡
)

.
(9)

where, for agent 𝑖 at time step 𝑡, the online network’s parameters are
denoted as 𝜃𝑖,𝑡 while the target network’s parameters are denoted as 𝜃−𝑖,𝑡
and 𝛾𝑖 is the discount factor. Correcting for potential overestimation,
the 𝑄𝑖,𝑡 value of the primary network is adjusted using 𝜃−𝑖,𝑡. Following
is an expression for the mean square error loss function between the
online and target network’s Q-value.

𝐿
(

𝜃𝑖,𝑡
)

= 𝐸
[

(

𝑌𝑖,𝑡 −𝑄𝑖,𝑡
(

𝑠𝑖,𝑡, 𝑎𝑖,𝑡; 𝜃𝑖,𝑡
))2

]

. (10)

Last, the parameters of the online network are gradually transferred
to the parameters of the target network through a slow averaging
process with a rate of 𝜁 ∈ (0, 1] .
𝜃−𝑖,𝑡 = 𝜁 𝜃𝑖,𝑡 + (1 − 𝜁 )𝜃−𝑖,𝑡. (11)

Prioritized experience replay is a methodology that emphasizes the
eplay of particular experiences within the training process by utilizing
 replay buffer (Wang, Tang, Huang, & Wang, 2024). The prioritization

is determined by the magnitude of the temporal difference (TD) error
, which measures the difference between the anticipated Q-value and
he actual reward obtained. The representation of the TD error at each

time step for each agent is as follows:
𝛿𝑖,𝑡 = 𝑟𝑖𝑡 + 𝛾 𝑄target

𝑖,𝑡
(

𝑠𝑖,𝑡+1,

ar gmax𝑎
(

𝑄
(

𝑠𝑖,𝑡, 𝑎𝑖,𝑡
)))

−𝑄
(

𝑠𝑖,𝑡, 𝑎𝑖,𝑡
)

.
(12)

The agent’s learning efficiency improves when instances character-
zed by notably large TD errors are replayed more frequently. Experi-
nces become more valuable for learning when a considerable TD error
xists indicating a significant difference between the agent’s prediction
nd the actual outcome (Sharma & Thangaraj, 2024). During training,

experiences are chosen from the replay buffer based on probabilities
linked to their priority values. Events with higher priority values have
an elevated likelihood of being sampled and replayed. This process
enhances the agent’s ability to learn more effectively from its most
informative experiences. The probability of sampling the experience
tuple 𝑑 is defined as follows:

𝑍𝑖(𝑑) =
𝑃 𝑟𝑖,𝑑

∑

𝑙 𝑃 𝑟𝑖,𝐿
, (13)

where 𝑃 𝑟𝑖,𝑑 represents the priority of experience 𝑑 for agent 𝑖 and can
e calculated as follows:
𝑃 𝑟𝑖,𝑑 = |

|

𝛿𝑖,𝑑 || + 𝜖 , (14)
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where 𝜖 represents a small positive constant that guarantees that every
experience has a chance, however small, of being selected for replay.

Adaptive learning rate refers to a technique in optimization algo-
rithms where the learning rate is adjusted during the training process.
The difficulty in selecting an appropriate fixed learning rate can lead
o slow optimization, getting stuck in local minima with a too-small

rate, or experiencing oscillations and convergence issues with a too-
large rate (Yan et al., 2020). The adaptive learning rate enables the
algorithm to take larger steps when the optimization is progressing
well and smaller steps when it is not. This adaptability can lead to
aster convergence (Iiduka, 2022). The following equation indicates the

updating process of the learning rate:

𝛼𝑖,𝑡 = 𝛼0𝑖 ⋅

√

1 − 𝛽2𝑖,𝑡
1 − 𝛽1𝑖,𝑡

, (15)

where (𝛼𝑖,𝑡) is the adaptive learning rate at time step 𝑡 for agent 𝑖 in
terms of the initial learning rate (𝛼0𝑖 ), and the hyperparameters 𝛽1𝑖,𝑡 and
2
𝑖,𝑡 used in the Adam optimizer.

3.5. Real-time smart dispatch

The objective of the RSD controller is to efficiently distribute the
maximum purchased energy among EVs coordinated by EVAs. It begins
by sorting EVs based on their charging urgency, and assigning charging
riority accordingly. The aim is to prioritize the charging of EVs in a
anner that maximizes the energy available for sale to all EVs in the

ystem.

𝛼𝑖,𝑧,𝑡 = 𝛽SOC𝑖,𝑧,𝑡 ⋅
𝑑𝑧,𝑖

(𝑡𝑑 𝑒𝑧,𝑖 − 𝑡) ⋅ 𝑝𝑚𝑎𝑥𝑧,𝑖
, (16)

where at time step 𝑡, at EVA 𝑖, 𝛼𝑖,𝑧,𝑡 represent the charging urgency
factor of EV 𝑧, 𝑑𝑖,𝑧,𝑡 represents the volume of the electricity demand
of EV 𝑧, 𝑡𝑑 𝑒𝑧,𝑖 − 𝑡 represents the time interval between the departure time
of EV 𝑧 and the current time, and 𝑝𝑚𝑎𝑥𝑧,𝑖 denotes the maximum charging
power dedicated to Each EV specifically according to the model of EV
𝑧, and finally, 𝛽SOC𝑖,𝑧,𝑡 represents the SOC-dependent factor which takes
into account the lifespan of EV batteries.

𝛽SOC𝑖,𝑧,𝑡 = 𝑒−𝑘⋅SOC𝑖,𝑧,𝑡 , (17)

where 𝑘 ∈ [0, 1]. The exponential decay function indicates that as
he SOC increases, the factor 𝛽SOC𝑖,𝑧,𝑡 decreases exponentially. This
mplies that there is a diminishing urgency to charge the EV as its SOC
ncreases, resulting in an extended battery lifespan.

In the RSD scheme, a higher urgency in EV charging demand,
specially as it approaches departure time or requires more electricity,
ncreases the likelihood of receiving priority in electricity distribution.

On the other hand, when EVs reach to an acceptable SoC, the charging
rate decreases to prevent any potential harm to the lifespan of the EV
batteries. Finally, the SoC of EVs will be updated based on the following
formula:

SoC𝑖,𝑧,𝑡+1 = SoC𝑖,𝑧,𝑡 +
𝛥𝑡
𝐶𝑖,𝑧

⋅ 𝑃 𝑠𝑖,𝑧,𝑡, (18)

where at EVA 𝑖, SoC𝑖,𝑧,𝑡 is the state of charge of EV 𝑧 at time 𝑡, 𝛥𝑡 is
the time step, 𝐶𝑖,𝑧 is the capacity of the battery of EV 𝑧, and 𝑃 𝑠𝑖,𝑧,𝑡 is the
power consumption of EV 𝑧 at time 𝑡.

Algorithm 2 indicates the enhanced DDQN and RSD scheme. At each
episode, during the learning process, agents observe the environment,
and actions are executed based on the DDQN network. Following the
interaction between agents and RSD controllers, the energy will be dis-
patched among EVs, the reward will be calculated, and transition tuples
will be stored in the replay memory, detailed in lines 8–11. Finally,
updates are applied to the enhanced DDQN network and learning rate
as depicted in lines 12–15.
6

Algorithm 2 Enhanced DDQN and RSD scheme Algorithm
Input: Episode number 𝐸, time step number 𝑇 , EVA number 𝐼
Output: Energy purchasing and distribution strategy for EVAs
1: Initialize prioritized experience replay 𝑅
2: for 𝑒 = 1 to 𝐸 do
3: for 𝑡 = 1 to 𝑇 do
4: for 𝑖 = 1 to 𝐼 do
5: Obtain the observation of agent 𝑜𝑖𝑡
6: Obtain 𝑃max

𝑡,𝑖 from Algorithm 1
7: Agent executes action based on 𝜖-greedy (7)
8: RSD controller dispatch the energy among EVs using

(16), (17) and report total profit to the agent
9: Update the SoC of EVs using (18)

10: Calculate the reward using (8)
11: Store transition (𝑠𝑖,𝑡, 𝐴𝑖,𝑡, 𝑟𝑖,𝑡, 𝑠𝑖,𝑡+1) in 𝑅
12: Sample a mini batch from the replay buffer by taking (13)

into account
13: Compute the expected Q-values using (9)
14: Compute the loss (𝐿

(

𝜃𝑖,𝑡
)

) using (10)
15: Update target network parameters using (11)
16: end for
17: Update the learning rate using (15)
18: end for
19: end for
20: return The energy purchasing strategy for EVAs

Table 1
EVA Information. 𝜇 and 𝜎 values indicating the mean and standard deviation of
arrival/departure times in 15-minute time intervals, respectively.

EVA EV number Arrival 𝜇arrival, 𝜎arrival Departure 𝜇departure, 𝜎departure

1 100 32, 20 64, 16
2 140 30, 16 55, 12
3 150 50, 16 75, 8
4 60 24, 20 50, 8
5 110 36, 12 64, 16
6 80 55, 16 75, 4

4. Case study

4.1. Power system model

In this study, the 118-bus distribution test feeder by Zhang, Fu,
nd Zhang (2007) is used for the case studies. The system includes six

EVAs, strategically positioned at the end of branches. As illustrated in
Fig. 2, positioning the EVAs at these specific locations is a deliberate
choice, influenced by the fact that buses located at the end of branches
encounter more significant challenges related to voltage drops and
power losses within the distribution grid. As the framework is designed
for online applications, the study considers each time step a 15-minute
interval within 24 h. Table 1 presents essential information on the
daily inflow of EVs to each EVA, including their arrival and departure
times determined by the Gaussian distribution factor. Furthermore, real
distribution grids typically accommodate different types of consumers
(i.e., residential, commercial, and industrial). To accurately model the
grid, demand curve data for different types of consumers is obtained
from OpenEI (2014) and Braeuer (2020) representing non-EV loads.
These load profiles are then randomly assigned to different buses in
the network.

Moreover, to calculate the reward function on (8), a real time
pricing scheme has been taken into account as 𝑒𝑔𝑖,𝑡 which implies the
rate of the electricity purchasing price of EVAs from DSO while 𝑒𝑠𝑖,𝑡
implies a fix rate of 0.5 $/kWh selling energy to EVs. Finally, EVs type
and their market share have been extracted from Zhang, Yang, et al.
(2023).
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Fig. 2. Distribution network and the location of EVAs.

4.2. Simulation environments and MADRL parameters

By linking MATLAB and Python, this work takes advantage of both
environments. Problem (1) is formulated in MATLAB and solved by
fmincon using MATPOWER (Zimmerman, Murillo-Sánchez, & Thomas,
2011) package. In addition, the MADRL framework is implemented in
Python and MATLAB API is used to obtain safe margin and optimal
EJT. Using MATLAB API in Python environment renders a real-time
simulated framework. The simulation results are obtained on a PC with
an Intel Core i7-12700H CPU 2.30 GHz and 40 GB of RAM.

In the context of DDQN parameters, the discount rate 𝛾 is set to 0.95,
the exploration–exploitation trade-off parameter 𝜖 in 𝜖-greedy is set to
0.95, the mini-batch size is set to 32, the experience replay buffer size
is set to 1000, the learning rate is set to 0.001, and the target network
update frequency is set to 1000.

5. Experimental results

This section presents the results of three distinct scenarios (SC): 1)
the proposed safe MADRL framework (SC1), 2) Uncontrolled charging
(SC2) and 3) First come first serve (FCFS) (SC3). A comparative analysis
between these three scenarios is then carried out.

5.1. The proposed safe MADRL framework charging (SC1)

In this framework, as explained in Section 2.1, there is an online
interaction between the DSO and each EVA at each time step. The
maximum allowable power set points are calculated and signal set
points are sent to EVAs separately. Accordingly, each EVA (agent) based
on its observation determines its energy purchased. In Fig. 3, the daily
charging profiles of all EVAs in SC1 are displayed. All EVAs prefer
to purchase power during periods of relatively lower electricity prices
from the DSO.

Fig. 4 illustrates the charging strategy for EVs associated with EVA
4. The RSD controller allocates energy to each EV based on the urgency
of their charging needs at each time step. Initially, upon their arrival,
EVs tend to charge at a higher rate with respect to their maximum
charging rate, to quickly reach a satisfactory SoC. Once a suitable SoC
7

Fig. 3. EVAs daily consumption — SC1.

Fig. 4. Charging plan of EVs of EVA #4 - SC1.

is achieved, the charging rate decreases to extend the battery’s lifespan,
gradually leading to the desired SoC.

Fig. 5 displays the initial and final SoC of EVs of each EVA in SC1.
The initial SoC distribution for EVs follows a Gaussian pattern specific
to each EVA. The average initial SoC for EVs across all EVAs is 0.45.
Fig. 5 also illustrates the final SoC of EVs in SC1, demonstrating the
effective performance of RSD in dispatching energy among EVs, given
that a significant proportion of the EVs have achieved the desired final
SoC.

To indicate the superiority of enhanced DDQN, its performance
has been compared with DDQN (Van Hasselt, Guez, & Silver, 2016),
DDPG (Lowe et al., 2017) and proximal policy optimization (PPO)
(Schulman, Wolski, Dhariwal, Radford, & Klimov, 2017) as illustrated
in Fig. 6. The solid and its respected shadow show the mean and
standard deviation of the cumulative rewards of all EVAs over 10
runs, respectively. Evidently, enhanced DDQN achieves a near-optimal
solution in a significantly reduced number of episodes. A prioritized
experience replay helps DDQN focus on more important experiences,
enhancing learning efficiency and speeding up convergence to an opti-
mal policy. Additionally, an adaptive learning rate allows for quicker
exploration initially and finer adjustments later, improving stability
and avoiding suboptimal solutions. These methods combined result
in better performance and higher cumulative rewards than standard
DDQN, DDPG and PPO. Finally, the computational training times of
these four methods are illustrated in Table 2. The enhanced DDQN
method took 3134 s, showing a slight increase in time over standard
DDQN, which completed in 2569 s. In contrast, DDPG required 4431 s,
reflecting the added complexity of its actor–critic architecture. PPO,
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Fig. 5. Initial and final SoC distribution — SC1.
Table 2
Computational training times for different methods in 1000 episodes.

Methods Enhanced DDQN DDQN DDPG PPO

Computational Training Time (seconds) 3134 2569 4431 5934

Fig. 6. Comparison of different RL methods over 10 runs — SC1.

being a policy gradient method with stability-enhancing features, ex-
hibited the highest training time at 5934 s, significantly surpassing the
other methods.

5.2. Uncontrolled charging (SC2)

In SC2, the assumption is made that all EVs will be charged at
their maximum rate upon reaching charging stations. Additionally, it is
presumed that there are no restrictions for EVAs regarding purchasing
energy from the DSO, allowing them to purchase as much energy as
needed according to their demand. As illustrated in Fig. 7, in SC2, the
collective charging of a significant number of EVs at their maximum
charging rates leads to a higher peak power consumption for EVAs
in comparison with SC1 which may cause operational challenges for
the DSO. As an example, as shown in Table 3, in SC2, the daily peak
power consumption of EVAs 3 and 6 is 498.12 kW and 299.44 kW,
respectively. This signifies a 62.22% increase for EVA 3 and a 27.67%
increase for EVA 6 when compared to the 307.05 kW and 234.54 kW
observed in SC1, respectively.
8

Fig. 7. EVAs daily consumption — SC2.

Fig. 8. EVAs daily consumption — SC3.

Due to the fact that in SC2 EVs are charged with their maximum
rate of charge, it is undeniable that the final SoC distribution is in better
condition than that is in SC1. However, this achievement is obtained at
the cost of higher energy purchasing prices for EVAs compared to SC1
as EVAs charge a considerable number of associated EVs during times
of on-peak electricity prices as shown in Table 3.
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Fig. 9. Power allocation and consumption of EVAs in SC1 and SC2.
o

5.3. FCFS (SC3)

In SC3, the assumptions remain identical to those in SC2, with
the only difference being the maximum number of EVs allowed for
charging per time step, set to 50 per EV aggregator. Additionally, EVs
are prioritized based on their arrival times. As illustrated in Fig. 8, the
harging profiles of EV aggregators with a larger number of daily EVs
re more impacted, as seen with EVAs 3, 5, and 6, where the charging
uration is longer compared to SC2. This increase in charging time is

due to the prioritization of EVs based on their arrival sequence. More-
over, some EVs may not receive sufficient energy by their departure
time since they have waited in the queue for a significant period, which
could lead to a decrease in the EV aggregators’ profit from charging and
ause dissatisfaction among EV owners. Ultimately, for instance, the

electricity purchasing costs in SC3 for EVAs 1, 3, and 5 are 1670.11,
2653.54, and 2431.53 $, respectively, representing increases of 9.01%,
19.29%, and 25.66% compared to their corresponding costs in SC1.

dditionally, their daily peak power consumptions are 255.82, 346.25,
nd 271.50 kW, respectively, which are 75.65%, 12.76%, and 19.47%
igher than the corresponding daily peak powers in SC1, as depicted

in Table 3.
9

Fig. 9 illustrates power allocation and consumption patterns for
EVAs over the 24-hour simulation period. It presents a comparative
demonstration of non-EV loads, safe margin values, optimal EJT, SC1,
and SC2. The results highlight the effectiveness of the proposed frame-
work in maintaining power consumption within the optimal EJT. This
assures the grid’s safe operation while considering both efficiency
and fairness in power allocation to EVAs, as opposed to uncontrolled
charging in SC2. For instance, Fig. 9(a) shows the success of the
proposed framework in shifting the EV consumption to avoid peak and
distributing the EV demand more evenly across the simulation time.
Although SC2 does not violate the safe margin in Fig. 9(b), during some
intervals, it exceeds the optimal EJT, suggesting that fairness is not
adequately maintained, especially compared to the result observed in
SC1. Moreover, despite EVA 3 short window for charging EVs, as per
Table 1, Fig. 9(c) indicates its successful performance in using the avail-
able time, as indicated by the power consumption closely following the
ptimal EJT. The correlation between safe margin and optimal EJT for

EVA 4, as seen in Fig. 9(d), suggests that the grid constraints are tight
at bus 77. Therefore, considering the fairness concept enables EVA 4 to
potentially be allowed to draw maximum power (i.e., safe margin) over
many intervals. Lastly, Fig. 9(e) and Fig. 9(f) display the effectiveness of
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Table 3
Electricity Purchasing Costs and Peak Power for EVA.
EVA Peak power

in SC1 (kW)
Electricity purchasing
cost in SC1 ($)

Peak power
in SC2 (kW)

Electricity purchasing
cost in SC2 ($)

Peak power
in SC3 (kW)

Electricity purchasing
cost in SC3 ($)

EVA #1 145.64 1532.10 315.73 2127.44 255.82 1670.11
EVA #2 188.28 1701.76 241.05 1805.48 178.15 1203.67
EVA #3 307.05 2224.48 498.12 2559.07 346.25 2653.54
EVA #4 142.11 1172.06 260.50 1345.69 230.19 1678.92
EVA #5 227.25 1935.02 316.55 3129.68 271.50 2431.53
EVA #6 234.54 1935.02 299.44 1663.02 297.45 1688.13
Fig. 10. Voltage magnitude. (a) Voltage under proposed framework (SC1). (b) Voltage under uncontrolled charging (SC2). (c) Buses with voltage violation.
the proposed framework in charging EVs in a shiftable manner without
overloading the grid even with a late average arrival time for EVs, as
indicated in Table 1. Moving from analyzing EVAs’ power consumption
patterns, Fig. 10 presents an examination of voltage profiles under two
scenarios. In this study, the acceptable voltage magnitude for buses is
defined with a lower bound of 0.95 pu and an upper bound of 1.05
pu. As depicted in Fig. 10(a), voltage of buses in SC1 is within the
acceptable range. Yet, in SC2, violations of this constraint are observed
at buses 62, 76, and 77, as shown in Fig. 10(b) and Fig. 10(c). At
bus 62, SC1 successfully maintains the voltage level within the safe
operational limits. This, in fact, is obtained by allocating a value below
safe margin power (i.e., optimal EJT) to the EVA. Conversely, under
SC2, a deviation in voltage is observed, which matches the EVA 3 peak
charging period in Fig. 9(c). Furthermore, the results at buses 76 and
77 highlight the benefit of using the MADRL approach to manage EV
charging through EVA. Given that no EVA is connected to bus 76,
the results suggest that uncontrolled charging may lead to unsafe grid
operation. It is also observed that among the buses with EVAs, only
10
buses 62 and 77 experience a voltage drop under SC2. While EVA 2
in SC2 stays within the safe margin, the EVAs associated with buses
17, 88, and 111 distinctly exceed their respective safe margins. This
indicates that another critical operational threshold of the grid, line
capacity or thermal limit, is at risk.

Fig. 11 illustrates the allocated power to each EVA during the 24-
hour period obtained by optimal EJT calculation. As it is demonstrated
in Fig. 9(d), allocated power to EVA 4 is mostly equal to the safe
margin. This means that at certain times during the day, EVA 4 has
a lower allocated power compared to other EVAs.

5.4. Integration of RESs

In this section, we investigate the performance of the proposed
framework in the presence of RESs, focusing on PV systems. The
location of these systems in the grid affects the allocated power to each
EVA and potentially the safe margin. We first demonstrate how PV
integration into buses with existing EVAs mainly alters the allocated
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Fig. 11. Allocated power to each EVA by DSO through optimal EJT calculation.

Fig. 12. Allocated power to each EVA by DSO through optimal EJT calculation under
ifferent PV penetration.

power to those EVAs. Second, we show that installing PV systems on
ther buses can potentially enhance the safe margin value.

5.4.1. PV placement on EVA buses
In this subsection, we analyze the effects of placing PV systems on

uses with EVAs. In this scenario, it is assumed that PV systems are
nstalled on all six buses hosting EVAs. A sensitivity analysis is then
erformed based on the percentage of total energy consumed by each
VA throughout the day. Specifically, we evaluate cases where the PV
ystems can supply up to 35 percent of the total energy required by an
VA over a 24-hour period. The safe margin is tied to the constraints of
he grid and may not be significantly changed by the placement of PV
ystems under typical operating conditions. However, using PV allows

the bus to satisfy part of its demand locally. As all EVAs benefit from
his opportunity, we should expect an increase in the power allocated
o EVAs derived from optimal EJT during the daytime when solar
adiation is available, as shown in Fig. 12. This increase makes the grid

more reliable and helps EVAs potentially earn more money by relying
less on costly grid electricity.

5.4.2. PV placement on other buses
In this scenario, PVs are installed at buses 41, 69, and 105. These

ocations are chosen because they are positioned near the middle of
11
Fig. 13. PSafe margin variations for different PV penetration levels with installations
located at the midpoints of branches.

the branches, with EVAs located at the branch ends. This placement
can potentially help mitigate voltage drops and reduce loading on
the lines. To investigate the impact of PV penetration levels on the
safe margin values, a sensitivity analysis is performed by changing the
percentage of the bus’s total energy demand that is supplied by PV
during the day. As the results demonstrate in Fig. 13, regardless of the
evel of PV penetration at bus 41, the safe margin values of EVA in

the same branch do not change. The ongoing congestion in the branch
onnecting buses 41 and 46 is causing this issue. This also indicates the
eed for corrective actions, such as enhancing lines’ capacity. On the
ther hand, PV penetration on buses 69 and 104 effectively increase the
afe margin values at the EVAs at the end of their respective branches.

6. Conclusion

This research introduced a MADRL framework for managing energy
urchasing and distribution for EVAs while considering distribution
etwork constraints. The framework operates hierarchically, allocating
aximum allowable power to each EVA to ensure grid safety, while

lso achieving equitable energy distribution among EVAs. At the top
evel, it identifies the optimal EJT point, balancing the maximum total
nergy the DSO can sell with equitable power allocation among the
VAs.

At the lower level, each EVA functions as an autonomous agent,
adopting a DDQN with adaptive learning rates and prioritized expe-
rience replay. Through this method, EVAs are able to refine their
nergy purchasing strategies, increasing their profits. Additionally, at

this level, an RSD controller manages the energy distribution among
EVs based on their requirements. The proposed framework, including
scenarios with PV systems integrated at various buses, is implemented
on the 118-bus distribution test feeder, and its performance is compared
with uncontrolled and FCFS charging scenarios. The results suggest
that the proposed framework significantly enhances grid stability and
energy distribution, outperforming the two other mentioned scenarios
in terms of both energy purchasing price and peak demand reduction
for EVAs.

As a next step in this research, the integration of uncertainty in
energy demand and EV behavior should be explored, along with the
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application of robustness techniques to ensure reliable system perfor-
ance during grid faults or price fluctuations. Subsequent works can

lso explore MARL approaches that consider interactions between EV
aggregators and other grid elements such as energy markets.
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