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Abstract—Lithium-ion batteries (LIBs) have garnered signifi-
cant attention due to their expanding use in various applications,
including electric vehicles (EVs) and smart grids. To meet the
diverse requirements of these applications, LIB cells are config-
ured in different architectures, such as multiple cell/module/pack
which are arranged in series and parallel configurations. In
series configurations, a state of charge (SOC) balancing system
is essential to ensure uniform SOC levels across all cells. For
battery electric vehicles (BEVs), which rely solely on LIBs as
their energy storage system (ESS), maximizing the ESS capacity
is crucial for extending the driving range. SOC balancing is a
key strategy to achieve optimal utilization of ESS capacity in
EVs. This paper presents a model-free cooperative multi-agent
control framework designed to regulate and balance the SOC of
lithium-ion battery (LIB) cells in EVs during real-time driving
operations. The proposed method utilizes a series architecture
comprising three LIB cells, each equipped with a buck-boost
converter and a proportional-integral (PI) controller, controlled
by a reinforcement learning (RL) agent. The Proximal Policy
Optimization (PPO) algorithm is used as the RL agent in this
multi-agent framework, where each PPO agent independently
manages the SOC of a corresponding battery cell based on
observed data. During the training phase, all PPO agents work
collaboratively to balance the SOCs of the LIB cells, thereby
preventing interruptions in EV performance. The effectiveness
of the proposed approach is demonstrated by comparing its
performance with single-agent methods such as PPO, Soft Actor-
Critic (SAC), and Twin Delayed Deep Deterministic Policy
Gradient (TD3), as well as with other multi-agent methods.
The results show that the proposed method performs better
than the existing approaches, indicating its potential for superior
performance.

Index Terms—Active Cell Balancing, Proximal Policy Opti-
mization, Centralized Training with Decentralized Execution,
State of Charge, State of Health.

I. INTRODUCTION

T he surge in electric vehicles (EVs) adoption offers a
promising solution to contemporary transportation chal-

lenges while promoting sustainability [1]. EVs encompass a
diverse spectrum, including battery electric vehicles (BEVs),
hybrid electric vehicles (HEVs), fuel cell electric vehicles
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(FCEVs), plug-in electric vehicles (PIEVs), and plug-in hybrid
electric vehicles (PIHEVs). A common thread binding these
categories is their reliance on battery energy storage systems
(BESSs). Given the escalating demand for EVs, the ongoing
enhancement of BESS is imperative to expand their practical
driving range. This enhancement significantly bolsters the pub-
lic’s perception of EVs, contributing to heightened acceptance.
Moreover, it represents a crucial advancement in the ongoing
competition between EVs and conventional internal combus-
tion vehicles [2]. Various battery types find application in
EVs, encompassing Lead-acid, Ni-MH, Ni-Cd, and lithium-ion
batteries (LIBs) [3]. LIBs showcase their superior attributes
through higher C-rates, elevated energy densities compared
to alternative battery varieties, minimal self-discharge, and
less weight [4]. Although LIBs offer several advantages, they
also encounter certain limitations, including challenges related
to overcharging, over-discharging, and intricate and nonlinear
characteristics. Taking these factors into account, the necessity
of a Battery Management System (BMS) for LIBs becomes
necessary [5]. BMS monitors various facets of the battery,
including temperature, charging and discharging procedure, as
well as cutoff voltage and current [6].

Battery packs utilized in EVs are composed of numerous
battery cells organized in combinations of both series and
parallel configurations. This configuration is essential to pro-
vide the requisite power output and attain the desired storage
capacity [7]. Due to manufacturing variations, each battery
cell possesses distinct traits that result in varied behaviors
across cells. These disparities arise from production steps like
mixing, coating, slitting, stacking, winding, and packaging in
the battery manufacturing process [8], [9], [10]. Cell balancing
is one of the suggested methods to mitigate the effect of these
manufacturing variations, which is explored less than the other
aspects of BMS [6], [11]. The cell balancing methods based on
controlled variables are divided into voltage control, state of
charge (SOC) control, and voltage control [12]. Cell balancing
techniques based on SOC aims to equalize the SOC levels
of distinct battery cells through active [13], [14] and passive
methods [15], [16], [17]. Achieving a balanced SOC state is
pivotal for LIBs due to the critical concerns of overcharging
and over-discharging, both of which can detrimentally impact
this battery type. Consequently, the controller needs to be
capable of adjusting the SOC of battery packs to prevent these
issues [16]. The controller must also maintain the SOC of the
battery at a maximum level since the battery’s overall capacity
is determined by the minimum SOC of its individual cells,
a measure taken to prevent battery overcharging. Addition-
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ally, SOC has a crucial role during the discharging process,
with the minimum battery SOC set to avert over-discharging.
Both overcharging and over-discharging can inflict irreversible
damage on the battery [18]. Another crucial aspect is the
controller’s capability to adapt to environmental conditions,
as real-world conditions are seldom ideal and continuously
changing. Factors such as variations in driver behavior due to
different conditions further exacerbate the challenge, making
adaptation to uncertainty a critical aspect of controller design.

Passive cell balancing is a widely used technique to dissipate
excess stored battery charge by converting it into heat through
incorporated resistors [19], [20], [21]. The primary benefits
of this approach lie in its uncomplicated design and cost-
effectiveness. However, its primary drawbacks include energy
wastage, leading to reduced battery capacity, an essential con-
sideration in EVs [22], [23]. Moreover, the produced heat re-
quires cooling, which consumes energy and adversely impacts
neighboring battery cells. Unlike the passive cell balancing
approach, the active cell balancing (ACB) method redistributes
surplus stored energy to another battery cell, elevating its SOC
while converting the excess energy into heat [23], [24], [25].
ACB is more effective compared to passive cell balancing,
which holds significance in the context of EVs. However,
it comes with greater costs and necessitates a controller for
monitoring and managing the energy transfer between battery
cells [25], [26]. Another method that has recently attracted
attention is the use of reconfigurable battery packs [27].
[28] utilizes an ESS composed of multiple LIB cells that
can dynamically adjust the battery pack’s topology through
the activation of controllable switches, depending on various
scenarios. These adjustments enable the battery to maintain
equilibrium among the SOCs of the LIB cells. However, a
drawback of this method is that the incorporation of numerous
controllable switches can significantly increase the overall cost
of the battery pack. A re-configurable battery pack design is
introduced in [29] that offers advantages such as high-speed
balancing and fault tolerance, while eliminating the need for
additional components. However, a notable disadvantage is
that as the number of switches increases, the energy losses due
to switching also rise while this effect is neglected. Moreover,
SOC balancing occurs only when the ESS is not supplying
power to the load. A research gap is discernible in the existing
literature pertaining to cell balancing methodologies, with a
particular dearth of attention directed toward the cell balancing
controller. In the majority of scholarly works, this aspect
of cell balancing has garnered limited focus. A prevalent
choice for the cell balancing controller is the Proportional
Integral (PI) controller, which has been favored due to its
simplicity and effectiveness. However, it is noteworthy that
the PI controller is knowledge-based, and as such, the results
it yields are sub-optimal. Furthermore, PI controllers are not
designed for adaptive operation. While the literature offers
various optimization techniques for PI controllers [30], [31],
a substantial portion of these methods grapple with issues of
computational complexity and often fail to achieve optimal
outcomes, particularly given the inherent complexity and non-
linearity of battery systems.

To address these challenges, Deep Reinforcement Learning

(DRL) methods present a promising solution. DRL methods
are particularly advantageous for online operations because
they are capable of managing the nonlinear and complex
behaviors characteristic of batteries. Additionally, DRL tech-
niques are highly adaptable to different scenarios, making
them especially suitable for battery management applications
[32]. Another significant benefit of DRL methods is their
ability to learn and adapt policies based on interactions with
the environment, thereby eliminating the need for a predefined
model of the system. DRL methods have been applied in
various contexts, such as reducing battery charging time [33],
balancing SOC with controller multilevel converters [34], and
solving optimization problems in battery swapping-charging
system (BSCS) topology [35].

The Proximal Policy Optimization (PPO) algorithm has
garnered considerable interest in recent years as a RL-based
method. The PPO algorithm has been applied across various
domains within the realm of EVs, such as [36], [37], [38], [39],
[40], [41]. PPO, grounded in the policy gradient methodology,
aims to enhance the policy of the network during interac-
tion with the environment and utilizes stored experiences
in batches to overcome shortcomings identified in previous
algorithms such as Deep Q-network (DQN), Trust Region
Policy Optimization (TRPO), and Actor Critic with Experience
Replay (ACER), ultimately enhancing training speed [42].
These challenges include issues related to hyper-parameter
tuning sensitivity, reduced sample efficiency, and simplified
implementation [42]. The PPO algorithm leverages the Actor-
Critic architecture comprising two Deep Neural Networks
(DNNs), namely the policy and value networks. Being rooted
in Model-free methods, PPO operates without prior knowl-
edge of environment characteristics, dynamically improving its
policy through interaction with the environment—an essential
aspect in real-world applications like battery balancing, where
controllers must contend with environmental uncertainties.
Another key feature of the PPO algorithm is simultaneous
updating of the policy and value networks, rendering it a
promising candidate for online control. This capability enables
PPO to continuously enhance its policy without interrupting
its interaction with the environment.

The rapid advancements in reinforcement learning (RL)
algorithms have fueled growing interest in Multi-Agent Re-
inforcement Learning (MARL), especially due to its ability
to handle multi-objective tasks in complex, real-time envi-
ronments. A key advantage of MARL lies in its capacity to
enable multiple agents to interact within a shared environment
simultaneously, with each agent autonomously learning an
optimal course of action. This feature is particularly valuable
in dynamic and intricate applications that demand simulta-
neous management and optimization of multiple objectives,
such as energy management systems (EMS) in electric ve-
hicles (EVs) and smart grids. For instance, [43] introduced
a model predictive control (MPC)-based RL approach for
battery management in smart grids. The method employs a
least squares temporal difference (LSTD) learning algorithm,
a variant of temporal difference (TD) learning, to optimize
battery utilization based on predicted costs from the MPC
model while simultaneously improving the MPC parameters.
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Similarly, [44] proposed a MARL-based EMS for smart grids,
utilizing predictive modeling to distribute power efficiently
across various sectors. In [45], a MARL controller was de-
veloped to regulate load frequency and manage renewable
energy sources such as photovoltaic (PV) systems, fuel cells,
and wind turbines within a smart grid. MARL has also found
significant applications in vehicular energy systems. Studies
such as [46] and [47] showcased MARL-based EMS imple-
mentations in plug-in hybrid electric vehicles (PHEVs) and
hybrid electric vehicles (HEVs), achieving energy efficiency
improvements of up to 23.5% and 15.8%, respectively. In
another notable example, [48] employed MARL to optimize
the charging and discharging schedules of lithium-ion battery
(LIB) packs, substantially extending the lifespan of individual
cells. Additionally, [49] proposed a MARL-based operational
management system for battery swapping and charging sta-
tions (BSCS), effectively managing both the charging process
and the distribution of battery packs.

There is limited literature addressing the application of
RL methods for SOC balancing in lithium-ion battery packs.
For instance, [50] introduced an RL-based SOC balancing
approach employing an Actor-Critic architecture. While the
method demonstrated improved performance compared to
traditional techniques, it has some limitations. Specifically,
the absence of battery pack SOH as an observation param-
eter overlooks critical aspects of battery degradation, which
can impact the longevity and efficiency of the battery pack.
Additionally, the extra charge transfer between cells inherent
to this method leads to increased capacity loss, resulting
in reduced overall efficiency. Furthermore, the selected RL
framework is susceptible to the overestimation problem, which
could compromise the reliability of the solution in practical
applications. In [51], an RL-based approach was proposed for
SOC balancing in Dynamic Reconfigurable Batteries (DRBs)
by considering battery cell voltages. While this method at-
tempts to equalize cell voltages, the architecture necessitates a
large number of switches, significantly increasing the cost and
complexity of the battery system. Moreover, the method does
not consider battery health parameters, such as SOH, leaving a
crucial aspect of long-term system performance unaddressed.
Similarly, [52] proposed a Deep Q-Network (DQN) for SOC
balancing in DRBs, but this method focuses exclusively on the
discharging process, neglecting the charging dynamics critical
for balanced and efficient energy management. Lastly, [53]
introduced a single-cell balancing approach for extended-range
electric drives; however, this work also fails to incorporate
SOH considerations, a key parameter for maintaining the
health and reliability of the battery pack over extended use.
The lack of attention to battery health parameters, such as
SOH, across these studies highlights a critical gap in the ex-
isting literature. Battery health directly influences the capacity
retention, thermal stability, and overall lifespan of lithium-
ion batteries. Without incorporating SOH into the observation
space, RL-based methods risk suboptimal decision-making
that may accelerate degradation and undermine the long-term
efficacy of the system. Therefore, a comprehensive approach
that integrates SOC balancing with SOH considerations is
essential for advancing the field and achieving both high per-

formance and sustainability in battery management systems.
A MARL architecture was put out by the authors as part of

their prior research to optimize SOC EMS in order to improve
the driving range of BEVs. Building on this framework, the
current work presents a novel approach to state-of-health
(SOH) balancing for LIB cells, taking into account the Multi-
Agent Proximal Policy Optimization (MAPPO) architecture.

The proposed method in this paper focuses on maintaining
equilibrium of the battery cells in terms of both SOC and
SOH during driving conditions, ensuring that the vehicle’s
normal driving performance is not affected. To the best of
the authors’ knowledge, this is among the first studies to use a
MARL framework for SOC balancing in such a setting, which
fills a significant gap in the field. The integration of the SOC
and SOH balancing method into the vehicle’s typical oper-
ating cycle, which includes several charging and discharging
phases, is another noteworthy contribution of this work. This
guarantees that the balancing process continues consistently
and adaptively during the vehicle’s operation, improving the
battery’s longevity and performance. The technique in question
is noteworthy for its ability to optimize battery health and
efficiency without necessitating any dedicated downtime or
disruptions to the BEV’s normal operation.

In light of these considerations, the proposed method offers
the following contributions:

• The proposed method introduces a unique approach to
SOC balancing by adjusting the drawn or injected cur-
rent from individual battery cells rather than transferring
excessive charge between them. This strategy minimizes
degradation, improves battery health, and reduces the
number of charge-discharge cycles, thereby enhancing the
longevity of the battery pack.

• This paper presents a cost-effective method for rapid
SOC balancing with minimal additional hardware re-
quirements. By eliminating the need for hardware mod-
ifications or auxiliary systems, the proposed approach
significantly reduces the overall cost of battery pack
design, making it a practical and scalable solution for
real-world applications.

• The proposed method integrates key battery parameters,
including voltage, current, temperature, and SOH, to
achieve simultaneous balancing of SOC and SOH. This
approach ensures that all critical criteria are maintained,
delivering a comprehensive solution that optimizes bat-
tery performance without compromising operational sta-
bility or efficiency.

• The method employs a Multi-Agent Proximal Policy Op-
timization (MAPPO)-based controller to achieve dynamic
SOC balancing while mitigating risks associated with
overcharging and over-discharging. This ensures continu-
ous and adaptive battery management during normal BEV
driving cycle, enhancing both the reliability of the vehicle
and the lifespan of the battery system.

• The system environment is modeled as a Centralized Par-
tially Observable Markov Process (CPOMP) and a Multi-
Agent Markov Decision Process (MMDP), enabling the
MAPPO framework to process diverse and adaptable
information. This structured environment ensures ro-
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bust training of the multi-agent reinforcement learning
(MARL) architecture by providing a comprehensive rep-
resentation of the partially observable system states and
enabling the agents to learn and adapt effectively in
dynamic scenarios.

• Within the CPOMP framework, a custom-designed re-
ward function aligns with the application’s specific re-
quirements and ensures all necessary conditions are met
for effective agent training. This tailored reward structure
plays a pivotal role in guiding the proposed method to-
wards achieving the desired objectives, thereby ensuring
optimal performance and learning convergence within the
CPOMP-based MAPPO architecture.

The remainder of this manuscript is organized as follows:
Section II provides a detailed explanation of the primary
methodology utilized in this study. Section III presents the
validation results derived from implementing the proposed
method. A comparative analysis of these experimental results
is conducted in Section IV. Finally, Section V concludes
the paper by summarizing the key findings and suggesting
potential directions for future research.

II. PROPOSED METHOD

The presented multi-agent ACB method is delineated com-
prehensively in this section, providing an in-depth exploration
of its three principal components. These constituent sections
of the proposed ACB can be outlined as follows:

• The developed framework for the proposed method es-
tablishes a scenario in which the performance of the pro-
posed controller can be validated. This scenario involves
situations where the current demanded by the EV varies.
The proposed method ensures that the requested current is
supplied while simultaneously balancing the SOC of the
LIB cells, which is the primary objective of the proposed
approach.

• The core component of the proposed method is a multi-
agent-based controller, which comprises several Proxi-
mal Policy Optimization (PPO) reinforcement learning
agents. These agents are trained collaboratively through
interactions with the environment. This section provides
a detailed description of the controller’s architecture, the
observation and action signals, as well as the specific
reward function designed for this application.

A. Model

This paper employs an BEV model, which is a modified
version of the EV model from the IEEE VTS Motor Vehicles
Challenge 2021 [54] Fig. 1. The model employed in this
study is developed using the Energetic Macroscopic Represen-
tation (EMR), a graphical formalism specifically designed to
systematically organize system models for control purposes,
as detailed in [55]. EMR has been extensively utilized for
the modeling, control, and energy management of complex
systems due to its structured and intuitive approach. This
model incorporates two three-phase AC electrical machines
(EMs) positioned on the front and rear axles of an EV,
establishing a dual-motor configuration. The primary energy

storage system (ESS) consists of a LIB pack, which serves as
the principal energy source. The electrical machines are driven
by dedicated inverters, with their DC buses interconnected in
parallel with the lithium-ion battery to ensure seamless energy
flow. Fig. 2 presents the EMR representation of the lithium-
ion battery. This graphical depiction provides a comprehensive
understanding of the interactions between the battery and other
system components, thereby enabling the formulation of robust
and efficient control strategies.

The model features a dual-motor architecture and a LIB
pack as the primary energy storage systems (ESSs) as shown
in . Further details of the model’s characteristics are provided
in Table I. According to Table I, the model uses 6 LIB cells
in parallel and 90 LIB cells in series. The modification to the
model involves distributing the required current to accommo-
date only three LIB cells. This is achieved by dividing the
current by the number of parallel cells and then multiplying
the result by 3, corresponding to the number of LIB cells in
the modified model. The current demand for the modified EV
is determined based on the driving cycle depicted in Fig. 3 that
illustrates the employed New European Driving Cycle (NEDC)
and the corresponding current demand for the modified EV.
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Fig. 1. (a) Real picture of the employed EV and (b) the structure of electric
drives in the employed EV. Both figures are derived from the study presented
in [54]

Using an appropriate environment for training DRL methods is
crucial to ensure the agent receives sufficient and diverse data.
Since DRL methods refine their policies through interactions
with the environment, a lack of adequate or varied training
scenarios can negatively impact their performance. To address
this issue, the proposed driving cycle is designed to create a
diverse range of situations necessary for effective training.

The proposed model incorporates three pre-processing units,
which are primarily responsible for normalizing the input data
to each agent in real-time. This normalization step is vital to
prevent any single observation, especially those with larger
value ranges, from disproportionately influencing the model’s
learning process. To achieve this, the Standardization method
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TABLE I
THE UTILIZED MODEL CHARACTERISTICS

Parameter Name Value
Vehicle mass 870
Velocity gain 0.0011

Front area (m2) 2.4
Drag coefficient 0.35

The density of air (20°C) 1.223
Cell nominal capacity (Ah) 2.4
Cell equivalent capacity (F) 8280

Cell nominal voltage (V) 3.7
Open circuit voltage at 100% 4.15 V
Terminal resistance at 100% 63 mΩ
Cell initial temperature (°C) 44
Cell maximum temperature 50
Cell minimum temperature −20

Battery cells in parallel configuration 6
Battery cells in series configuration 90

Air temperature 44
Gearbox ratio front axis 3
Gearbox ratio rear axis 4

Wheel radius (m) 0.38
Front transmission gain 7.8947
Rear transmission gain 10.5263

is used for data normalization, as illustrated in Eq. (1).

z =
x− µ

σ
(1)

where x represents the input data, µ is the mean of the data,
and σ is the standard deviation. By standardizing the input
data, the training process becomes more efficient, reducing
the overall training time while improving performance.

The battery model used in this paper, as previously men-
tioned, consists of three LIB cells modeled using the Equiva-
lent Circuit Model (ECM) [7], [54]. All the characteristics of
this battery model are detailed in Table II. The primary reason
for choosing this approach is that the proposed controller does
not require an accurate model, which is a significant advantage
of DRL algorithms. Additionally, this method reduces the

TABLE II
CHARACTERISTICS OF THE BATTERY MODEL USED

Parameter Name Value
Cell Nominal Voltage (V) 4.07

Cell nominal capacity (Ah) 12
Internal cell Resistance ω 0.0396
Number of cells in series 3

Number of cells in parallel 1
Initial cell1 SOC % 89± ϵ
Initial cell2 SOC % 85± ϵ
Initial cell3 SOC % 80± ϵ

complexity and computational cost of the model, thereby
directly enhancing the training speed. Another benefit of the
proposed method is the scalability of the controller, allowing
the model to be applied across different categories of EVs
with varying battery capacities. This adaptability is a result of
the inherent properties of RL methods. The overall structure
of the model used is depicted in Fig. 4. It is essential to
point out that the battery’s voltage and capacity match those
stated in the reference exactly [54]. The suggested method’s
flexibility and scalability allow it to be applied to various
battery architectures and configurations. The initial value of
each LIB cell consists of a constant value and a random value.
The primary rationale behind this architecture is to enhance
the diversity and uncertainty of the model, thereby increasing
the complexity of the environment. This added complexity
allows for more robust testing and evaluation of the system’s
performance under a wider range of conditions. The proposed
multi-agent-based ACB system processes several normalized
observation signals, as discussed in the previous section. These
observation signals vary for each agent, with each agent receiv-
ing signals specific to the battery it controls. The observation
signals typically include the total requested current, the SOC
of the LIB cell, and the cell voltage. The optimal order of
these observation signals was determined through extensive
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Fig. 3. (a) The Adopted New European Driving Cycle (NEDC) and (b)
rescaled current demand profile of the BEV, both referenced from [7], [54].

trial and error to ensure the selection of the most effective
signals. Choosing the correct observation signals is crucial
to provide relevant information while minimizing noise and
excluding irrelevant data. After processing these signals, the
agents generate appropriate action signals that dictate the
charging or discharging current for each LIB cell. These action
signals are fed into a proportional-integral (PI) controller,
which determines the required pulse-width modulation (PWM)
signals for the buck-boost converter. Finally, the output of
each converter is connected to a DC link. The ranges for
the observation and action signals will be detailed in the
following sections. The proposed method utilizes a Coulomb
counting approach within the ACB system [56]. This approach
is designed to optimize our methodology by reducing the
training duration. Since DRL methods may not always rely on
accurate models and incorporating such models can increase
computational costs, employing Coulomb counting helps to

improve training efficiency. This method calculates the SOC
of the LIB cell based on variations in current, as detailed in
Eq. (2).

SOC[%] = SOCinit −
∫
I dt

Cnom
× 100%. (2)

where SOCinit, Cnom represent initial SOC, the nominal
capacity of the LIB cell. It is essential to note that the
temperature of the battery pack is managed by the EV model
itself. Therefore, the proposed controller does not need to take
this parameter into account.

B. Battery Health Estimation

The proposed method offers improvements in SOH bal-
ancing by introducing a mechanism to reduce computational
costs while incorporating model uncertainty. Specifically, to
achieve this, a random value, denoted as ϵ, ranging between 0
and 0.02, is added to the initial capacity of each battery cell.
This range is selected based on the fact that the total variation
during the process remains between 0 and 0.001, ensuring that
the introduced randomness aligns with the natural fluctuations
in battery capacity. The initial capacity of each LIB cell is
determined using the formulation provided in Eq. (3), which
accounts for these variations in order to enhance the robustness
and reliability of the balancing process.

Ci = Cinit − γ

K∑
t=1

(I(t)) (3)

here, Ci and Cinit represent the current and initial capacities of
the LIB, respectively, while γ denotes a random variable that
varies across multiple training iterations but remains constant
within each individual iteration. By adding unpredictability
across repeats and ensuring consistency within a single itera-
tion, this technique improves the training process’ robustness.
Based on the computed capacity, as specified in Eq. (4),
the SOH for each battery is estimated. By considering the
beginning capacity as the nominal capacity of each LIB cell,
this formulation establishes an indicator for evaluating the
SOH throughout the operational cycle [57].

SOH(%) =

(
Ci

Cinit

)
× 100 (4)

C. Methodology of the Proposed Approach

1) PPO Agent: The current study benefits a PPO-based
controller, which offers distinct advantages over its coun-
terparts such as TRPO, DQN, and ACR. These advantages
include heightened stability, improved sample efficiency, re-
duced complexity, and streamlined implementation [42]. PPO
leverages the Actor-Critic architecture, featuring a neural net-
work (NN) dedicated to the value function (Critic network)
and another NN for policy (Actor network). As previously
mentioned, in the PPO framework, both neural networks
undergo simultaneous updates. PPO is grounded in Policy
Gradient (PG) methods, which aim to directly enhance the
agent’s policy through iterative interactions with the environ-
ment. While PG-based methods offer notable advantages such
as superior convergence compared to value-based approaches
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and efficacy in managing high-dimensional state spaces, they
are also associated with computational overheads, training
intricacies, and variance issues. To mitigate these challenges,
the PPO algorithm was proposed by [42]. The PG formula is
refined utilizing a gradient estimator, as delineated in Eq. (5),
derived through the differentiation of Eq. (6).

ĝ = Êt

[
∇θ log πθ(at|st)Ât

]
(5)

LPG(θ) = Êt

[
log πθ(at|st)Ât

]
(6)

here, Êt represents the expectation value, πθ denotes a stochas-
tic policy, and Ât stands for an estimator of the advantage
function, as defined in Eq. (7). The expectation value Êt
is computed by iterative interacting with the environment
and storing the state, action, reward, and next state in finite
batches under the current policy (πθ). Simultaneously, the
advantage function provides insight to the PPO agent on the
effectiveness of completed actions. With data saved in batches,
advantage estimations are calculated as Â1, Â2, Â3, . . . , ÂT .
Subsequently, the policy is refined by maximizing the objective
function, as depicted in Eq. (8), utilizing the policy gradient
of the advantage function, as illustrated in Eq. (9).

Aπ(s, a) = Qπ(s, a)− Vπ(s) (7)

LClip(θ) = Êt

[
min

(
rt(θ)Ât,

clip (rt(θ), 1− ε, 1 + ε) Ât

(8)

∇L(θ) = E′
π [rt(θ)A

′
π(s, a)∇ lnπθ(a|s)]

= E′
π [∇rt(θ)A

′
π(s, a)]

(9)

where, rt(θ) stands for the probability ratio, defined as per
Equation (Eq. (10)), while ϵ denotes the hyperparameter. The
clip function is invoked to confine the learning ratio within
the interval [1− ϵ, 1+ ϵ]. The objective behind employing the
clip function is to ascertain an optimal learning rate conducive
to fostering stability in the actions generated by the PPO
algorithm.

rt(θ) =
πθ(at|st)
πθold(at|st)

(10)

In the proposed methodology, the SOC of LIB cells is consid-
ered a dynamic variable that must be balanced across all cells
in the battery system. This balance is influenced by the current
load demand, as well as the SOC and voltage of each cell.
As discussed in the previous section, each PPO agent receives
observation signals that include the requested current (I request),
the SOC, and the voltage of the battery. The agent then deter-
mines the appropriate action signal, which corresponds to the
specific current allocated to each LIB cell. The characteristics
of the proposed agents, along with the observation and action
ranges, are detailed in Table III. The sampling frequency is
configured to 1 Hz, and the observation range is determined
following the normalization process. The proposed method
allows the agent to discharge each battery cell at a rate of
up to 1C and charge at a rate of up to 0.5C. These rates
are specifically chosen to mitigate the risk of damage to the
battery cells. The lower and upper bounds of the observation
signals are defined as the minimum and maximum values of
the normalized observation data. Similarly, the action signal
bounds are determined by the maximum permissible charge
and discharge currents for each battery cell, ensuring the agent
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TABLE III
ATTRIBUTES OF PPO AGENTS

Parameter Name Value
Number of episodes 1000

Sample Time (s) 1
Discount factor 0.99

Experience horizon 1200
Entropy loss weight 0.1

Mini batch size 300
Clip factor 0.2

Number of hidden neurons 200
Observation lower range −0.8
Observation upper range 3.5

Action range [−6 : 12]
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Fig. 5. Comparison of Learning Curves for Different Numbers of Hidden
Layers

can bypass a specific cell while satisfying the requested current
without compromising the cell’s capacity or health. This
configuration grants the agent increased flexibility to navigate
and address more complex scenarios within the observation
space, thereby improving its ability to optimize decision-
making under intricate and dynamic operational conditions.
The proposed method utilizes 200 neurons in the hidden
layers, a value determined through an empirical trial-and-error
process. This selection represents the minimum number of
neurons required to achieve the maximum attainable value of
the reward function. To illustrate the impact of varying hidden
layer architectures, the learning curves for different network
configurations with varying neuron counts are presented in
Fig. 5.

2) Reward Function: The design of the reward function
is another critical aspect in developing DRL agents, as it
significantly influences the convergence behavior of the agent.
In light of this, the proposed method employs a modified
reward function tailored specifically for this application, with
a focus on achieving the primary objectives during the training
phase, as illustrated in Eq. (16). The proposed reward function
is divided into two components: local and global. The global
component calculates a penalty based on the overall system
performance, particularly the discrepancy between the re-

quested current and the total current provided by all LIB cells.
This component ensures that all agents work collaboratively
to achieve the collective goal. However, the local components
assess the penalty for each individual LIB cell by calculating
the discrepancy between the SOC and SOH of each cell, taken
with their respective average values of SOC and SOH as shown
in Eqs. (14) and (15).

δglobal = (Irequested

−|Ibat1 + Ibat2 + Ibat3 |)
2 (11)

SOC =
SOC1 + SOC2 + SOC3

3
(12)

SOH =
SOH1 + SOH2 + SOH3

3
(13)

δlocalSOC
=

3∑
i=1

(SOC − SOCbati)
2

(14)

δlocalSOH
=

3∑
i=1

exp(SOH − SOHbati)
2 (15)

R = −
(
α×Rglobal+β×RlocalSOC+ζ×RlocalSOH

)
−PV −Pt (16)

here, SOC, SOH , R, PV , and Pt denote the average values
of the SOC and SOH, the cumulative reward corresponding to
each action, and the penalty imposed for exceeding the pre-
defined voltage and temperature thresholds, respectively. The
primary reason for applying a penalty only when exceeding
the predefined threshold is to provide the agent with greater
flexibility in exploring and identifying the optimal solution.
The hyperparameters α, β, and ζ are critical in ensuring the
convergence of the proposed method. The values of these
hyperparameters were determined through iterative experimen-
tation, aiming to appropriately balance the weights in response
to variations in the terms of the reward function. This fine-
tuning process is essential for optimizing the performance and
stability of the method.

3) Multi- agent Architecture: A sophisticated framework
entitled MARL allows several agents to interact with each
other in addition to a shared environment. In contrast to single-
agent reinforcement learning, wherein the agent trains by
simply interacting with the environment, multi-agent learning
involves simultaneous interactions with the environment and
other agents. MARL is categorized into cooperative, compet-
itive, or mixed settings, depending on the nature of agent
interactions during training [58]. In a cooperative setting,
all agents work together to achieve a common objective,
striving for optimal collective performance. Conversely, in a
competitive setting, agents are driven by individual goals, often
trying to outperform their counterparts [59]. Within a shared
environment, agents in MARL can either be homogeneous,
sharing similar policies and goals, or heterogeneous, with
distinct objectives and strategies. In the proposed study, we
adopt a homogeneous MARL setting, where all agents pursue
a common goal. This environment is characterized by partial
observability, as agents have access only to certain variables,
such as the required current and the SOC and voltage of the
batteries.
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The recommended method utilized PPO RL agent as Multi-
Agent PPO (MAPPO) concurrently benefit from the advan-
tages of MARL and PPO RL agent. The proposed archi-
tecture employs a Centralized Training with Decentralized
Execution (CTDE) framework for training MAPPO agents
[60]. This approach is chosen because it enables agents to
learn coordinated policies that optimize overall performance,
specifically by balancing the SOCs of battery cells in real-
time. The agents must collectively meet the general objective
of providing the required current for a BEV while operating in
a noisy environment and handling multiple objectives. CTDE
is particularly effective for this application because it allows
each agent to learn a policy that maximizes its expected return
by considering the policies of other agents. This is crucial
given the dynamic nature of the problem, which involves
a noisy environment and requires simultaneous control of
multiple objectives. MAPPO methods excel in such Real-Time
Strategy (RTS) environments, where multiple agents interact
with the environment simultaneously to manage various goals.
This collaborative yet decentralized approach enhances the
robustness and flexibility of the system, making it well-suited
for complex, real-world applications. Based on the previous
discussion, the policy update function for the PPO agent can
be adapted as outlined in Eq. (17). This modification is crucial
to account for the interactions among agents, ensuring that
the behavior of each PPO agent is influenced by the actions
and strategies of the other agents within the environment. By
incorporating this modification, the updated policy function
better captures the interdependencies and dynamic interactions
among agents, which is essential for optimizing overall per-
formance in a multi-agent reinforcement learning setting.

Li
CLIP(θi) = Es,ai,ai′∼D

[
min

(
ri(θi)Âi(s, ai, ai′),

clip(ri(θi), 1− ϵ, 1 + ϵ)Ai(s, ai, ai′)
)]

(17)

In the context of the proposed new architecture, the advantage
and value function has been revised to accommodate the
specific requirements of a multi-agent system, as demonstrated
in Eqs. (18) and (19).

Ai(s, ai, ai′) = Qi(s, ai, ai′)− Vi(s) (18)

LVF
i (ϕi) = Es∼D

[(
Vϕi

(s)− R̂i

)2
]

(19)

here, Qi(s, ai, ai′) represents the Q-value for agent i, which
depends on both its own action, ai, and the actions of the other
agents, ai′ . The value function, Vi(s), denotes the expected
return for agent i starting from state s under its current policy.
Additionally, Vϕi

(s) is the parameterized value function for
agent i, and R̂i is the estimated reward function for agent i.

In the CTDE framework, it is essential not only to update
each agent’s policy and value functions individually but also
to compute the joint Q-value and value function. These com-
putations are necessary to accurately capture the interactions
among agents and are defined as shown in Eqs. (20) and (21).

Qi(s, ai, a−i) = Centralized Critic(s, ai, ai′ ; θcritic) (20)

Vi(s) = Centralized Value Function(s;ϕcritic) (21)

One of the primary components of the CTDE framework is a
Centralized Critic, which is intended to improve the process
of training several agents from each other in a cooperative
setting, thereby enhancing overall performance. It facilitates
the evaluation and improvement of agent policies by utilizing
comprehensive joint information during the training process
[61]. Unlike decentralized agents, the Centralized Critic has
access to the complete state of the environment, including
all agents’ actions and states. This characteristic allows the
MAPPO architecture to simultaneously evaluate each agent’s
performance independently and from an extensive point of
view. By doing so, the Centralized Critic effectively computes
the advantage function, which is critical for determining the
discrepancy between expected and actual rewards, thereby
guiding the agents’ policy updates toward optimal behavior.
This centralized approach to training allows agents to learn
more efficiently and adapt to complex, multi-agent environ-
ments which is a necessary term in this application.

III. VALIDATION AND DISCUSSION

In Section III, the validation results of the suggested ap-
proach are described in detail, and their comparison with
the outcomes of the most popular RL-based methods in
single agent and MARL architectures is done. The primary
motivation is to demonstrate the suggested method’s im-
proved performance and to compare the outcomes with the
proposed strategy. The hardware utilized to implement the
recommended approach is a PC with an Intel Core i9-13900K
with 128GB RAM and an NVIDIA GeForce RTX 3090 GPU.
The suggested method is executed in MATLAB/Simulink. The
comparison includes the PPO, Soft Actor Critic (SAC), and
Twin-delayed deep deterministic policy gradient (TD3) algo-
rithms within a single-agent framework, while in the MARL
architecture, SAC and TD3 are chosen for evaluation. These
algorithms were selected due to their superior performance in
a noisy environment relative to the other approaches. Each
proposed method and the other methods are trained for 1000
iterations to provide enough time to find the optimal solution.
The proposed method is evaluated against other approaches
using two performance metrics: Mean Square Error (MSE) and
Mean Absolute Error (MAE) as shown in Eqs. (22) and (23).
These metrics provide a quantitative basis for comparing the
accuracy and effectiveness of the methods.

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (22)

MAE =
1

n

n∑
i=1

|yi − ŷi| (23)

The experimental results are presented in Fig. 6, which demon-
strates the effectiveness of the proposed method in achieving
its intended objectives. Fig. 6a emphasizes the method’s ca-
pability to deliver the requested current while simultaneously
managing other tasks, ensuring continuous and uninterrupted
current supply. Furthermore, the balancing of SOC and SOH
is illustrated in Fig. 6b and Fig. 6c, respectively. These results
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(a) (b) (c)
Fig. 6. (a) Comparison of the requested current versus the current supplied by the proposed method. (b) SOC balancing process. (c) capacity discrepancy
during the balancing process.

(a) (b) (c)
Fig. 7. Learning curves showing the reward progression for (a) Agent 1, (b) Agent 2, and (c) Agent 3 during training.

highlight the robustness of the proposed approach in maintain-
ing optimal energy management and preserving battery health,
thereby showcasing its comprehensive and efficient design.

An important accomplishment of the suggested approach is
its ability to achieve this goal without producing any surplus
current, as seen in Fig. 6b. Fig. 6b illustrates the process of
balancing SOC, with an initial differential of 7% between
SOC arrangements. The validation results concludes with a
cumulative error of 0.51%, therefore emphasizing the efficacy
of the approach in attaining SOC equilibrium.

The training curves for all agents are presented in Fig. 7,
demonstrating the performance progression over time. This
figure highlights the PPO agent’s capability to refine its policy
through continuous interaction with the environment. The
following analysis aims to compare and evaluate the final
differences between the mean SOC value and the SOC values
of individual LIB cells across various architectures. Table IV
comprehensively presents the final SOC values for all battery
cells across the implemented methods, alongside the corre-
sponding discrepancies between them. This table highlights the
effectiveness of the proposed method compared to alternative
approaches. Specifically, the mean SOC values are calculated
as shown in Eq. (12), and the resulting discrepancies are ana-
lyzed to illustrate the performance differences. Notably, the ta-
ble underscores the advantages of the multi-agent architecture.

While the single-agent PPO method exhibits the poorest per-
formance, its multi-agent counterpart demonstrates the most
significant improvement, showcasing the superiority of the
proposed multi-agent framework in achieving SOC balancing.
Fig. 9 presents a comparative analysis of the final capacities
achieved by different methods. This figure highlights the vari-
ations in performance across the approaches, offering insights
into how each method impacts the final capacity of the battery
cells. The results provide a clear indication of the effectiveness
of the proposed method in optimizing capacity, especially
when compared to alternative techniques. It is noteworthy that
the MATD3 method demonstrates comparable performance
in terms of capacity discrepancies. However, achieving this
level of performance requires significantly longer training time
compared to the other methods. The learning curves for differ-
ent network architectures are presented in Fig. 8, highlighting
the effectiveness of the proposed method in comparison to
alternative approaches.

In order to assess the generalization and scalability of the
proposed method, its performance is tested on three battery
cells with varying degradation levels, each affecting capacity.
These degradation factors are set at 0.009, 0.001, and 0.011,
respectively. This test scenario is independent of the training
procedure, meaning the proposed method encounters these
conditions for the first time. The resulting performance is illus-
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Fig. 8. Reward progression depicted through learning curves for: (a) Agent 1 in the multi-agent architecture, (b) Agent 2 in the multi-agent architecture, (c)
Agent 3 in the multi-agent architecture, and (d) the single-agent scenario.

 

0.3 0.5 0.4

7.6

1.1

5.3

0

1

2

3

4

5

6

7

8

MAPPO MASAC MATD3 SPPO SSAC STD3

C
ap

ac
ity

 d
is

cr
ep

an
cy

Comparison of Final Capacity Discrepancies Across 
Various Methods

ΔC * 1000

Fig. 9. Comparison of Final Capacity Discrepancies Across Various Methods

trated in Fig. 10. By showcasing these differences, the figure
underscores the ability of the proposed approach to deliver
more consistent and efficient outcomes in managing battery
capacity under various conditions. A final comparative analysis
is conducted to assess the performance of the proposed method
against other architectural approaches. This comparison, illus-
trated in Fig. 11, demonstrates the clear superiority of the
proposed method across all evaluation metrics. The results
indicate that the proposed method successfully meets all of
the predefined criteria, a level of performance that competing
methods fail to achieve. Specifically, the comparison focuses
on the methods’ ability to provide the required current, and the
results in Fig. 11 underscore the effectiveness of the proposed
method in fulfilling this demand. While both the SAC and
TD3 methods exhibit some ability to track the required current,
they fall short in adhering to the SOC balancing criteria. In
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TABLE IV
COMPARISON OF FINAL SOC DISCREPANCIES ACROSS VARIOUS METHODS

Method SOC1 (%) SOC2 (%) SOC3 (%) SOC (%) δSOC (%)
Proposed Method 83.1394 83.3618 83.6343 83.3785 0.5116
MASAC 88.6877 84.0708 77.8519 83.5368 11.3698
MATD3 88.6306 85.0010 81.5470 85.0595 7.1421
Single PPO 78.6459 67.1349 89.9912 78.5907 22.9115
Single SAC 83.6953 80.3586 79.1988 81.0842 5.2221
Single TD3 86.3318 82.9798 76.0769 81.7962 11.4385
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Fig. 10. Performance comparison of the proposed method across different
battery cell types.

contrast, the proposed method not only maintains SOC balance
but also consistently provides the requested current without
compromising battery health or operational efficiency. This
comprehensive evaluation highlights the robustness and adapt-
ability of the proposed approach, particularly in comparison
to existing architectures.

(a)

(b)
Fig. 11. Comparison of Final Capacity Discrepancies Across Various Methods

IV. CONCLUSION

This paper introduces a novel MAPPO architecture aimed
at balancing the SOC and SOH of LIB cells, while simulta-
neously providing the required current during the operation
of a BEV. The key innovation of the proposed approach
lies in the use of a CTDE architecture, designed to achieve
SOC balancing under variable current conditions, distinct
from traditional methods that focus primarily on the battery
charging process.
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The validation results demonstrate that the proposed method
effectively reduces the disparities in both SOC and SOH
among the LIB cells, leading to improved overall battery
longevity. This improvement is critical for maintaining the
long-term performance and health of LIB packs in BEVs,
making the proposed method a significant advancement in
battery management systems.

For the future work, further enhancements can be achieved
by increasing the number of learning iterations, which would
refine the model’s performance. Additionally, expanding the
number of RL agents could enable the proposed SOC and
SOH balancing strategy to account for additional factors,
such as temperature, which plays a crucial role in battery
degradation. Addressing temperature variations alongside SOC
and SOH would further enhance the effectiveness of the
method and contribute to mitigating battery degradation more
comprehensively.
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