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ABSTRACT

A major challenge in fast charging is to reduce the
charging time without accelerating battery aging. The
interaction between different aging mechanisms has not
been investigated in the fast-charging optimization. To
address this issue, we propose an adaptive, aging-aware
fast charging method utilizing deep reinforcement
learning to balance charging speed with the aging effects
of multiple degradation mechanisms. This method
incorporates a coupled degradation model to capture
the dynamic characteristics of batteries throughout their
lifecycle. Using deterministic policy gradient and Markov
decision process (MDP) frameworks, the algorithm
optimally adjusts charging currents based on safety
constraints and internal coupled aging. We demonstrate
the effectiveness of our approach through simulations
using the PyBAMM model. Results indicate significant
adaptability to variations in battery characteristics at
different aging stages.

Keywords: Optimal charging control, Coupled battery
model, deep reinforcement learning

NONMENCLATURE
Abbreviations
MDP Markov Decision Process
cc-cv Constant Current Constant Voltage
SOH State of Health
SOC State of Charge
DFN Doyle-Fuller-Newman
SPM Single Particle Model
ROM Reduced-Order Model
DRL Deep Reinforcement Learning
SEI Solid Electrolyte Interphase
LAM Loss of Active Material

LLI Loss of Lithium Inventory (LLI)
Symbols

I Current

U Voltage

T Temperature

1. INTRODUCTION

The fast charging technology for lithium-ion
batteries has been an active area of ongoing research.
However, due to the inherent chemical characteristics of
batteries, fast charging achieved by large currents can
significantly accelerate battery degradation and even
cause safety incidents. Therefore, designing an optimal
charging strategy that minimizes charging time while
maintaining battery performance and safety has
received increasing attention.

Currently, fast charging strategies can be divided
into passive fast-charging strategies (memory-less
charging) and adaptive fast-charging strategies
(memory-based charging). Passive charging strategies,
such as CC-CV (Constant Current Constant Voltage), use
predefined and fixed parameters that do not account for
changing internal behaviors or the state of health (SOH)
of the battery [1][2]. As a result, when the battery's
inherent state supports higher current rates, it loses the
opportunity to charge at these rates. Conversely, when
lower thresholds are required due to internal dynamics,
the battery might be forced to endure fixed parameters,
leading to unnecessary stress. Adaptive charging
strategies aim to obtain the internal state information of
the battery by establishing effective battery models
during the charging process, thereby controlling the
charging process to protect the battery from
unnecessary degradation. With advancements in battery
modeling theories and machine learning technologies,
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adaptive charging strategies are increasingly seen as the
future direction for rapid charging technology.

Adaptive charging strategies utilize battery models
that can be categorized into three main types:
electrochemical models, equivalent circuit models, and
data-driven models[3][4]. Equivalent circuit models can
simulate the internal resistance characteristics and
thermal properties of batteries without considering the
chemical processes, offering fast computation speeds.
For instance, Jin et al. [5] developed a fast charging
strategy aimed at maximizing charging efficiency based
on an enhanced equivalent circuit model (ECM) that
incorporates thermal characteristics. The results
demonstrated that this strategy could meet safety
constraints during the battery charging process.
However, these models tend to overlook the non-linear
characteristics of batteries and exhibit significant errors
in the low state of charge (SOC) region. Common
electrochemical models include the Doyle-Fuller-
Newman (DFN) model, single particle model (SPM), and
reduced-order models (ROM). The advantage of these
models lies in their ability to simulate the internal
reaction mechanisms of batteries, but they require
extensive experimentation to determine model
parameters, making the modeling process costly. For
example, Wu et al. [6] proposed a tri-objective
optimization charging method based on an
electrochemical-thermal coupled model to optimize
battery charging time, energy loss, and internal
temperature rise. Data-driven models employ machine
learning algorithms to construct surrogate battery
models. These models have low modeling costs but their
accuracy depends on the quality of the training data, and
the model results can be difficult to interpret. For
instance, a model based on Gaussian process regression
was proposed to optimize charging efficiency by Hao et
al. [7], capable of calculating external characteristics
such as temperature, SOC, and voltage during the
charging process under various aging conditions.

It has been shown that there are still several
shortcomings despite the valuable explorations in
adaptive fast charging optimization in the literature:

(1) Modeling Aspect: most of the aforementioned
work has been focused on individual degradation
mechanisms. The interaction between more than two
degradation mechanisms has not been investigated in
the control algorithm development.

(2) Optimization Objective Design: The mentioned
studies primarily aim to maximize charging efficiency
under voltage and temperature safety constraints. Few
models can simulate the internal reactions of the battery

during the charging process and adjust the charging
current to extend battery life.

(3) Control Strategy Design: Existing studies focus
on current variations during a single charging cycle,
neglecting the impact of battery aging on charging
strategies over the entire life cycle.

In light of the discussion above, this paper develops
an electrochemical-thermal-aging coupled battery
model that considers various internal aging degradation
mechanisms and their interactions, and combine it with
the deep reinforcement learning algorithm to
manipulate the optimal charging current considering the
constraints of safe requirements and the internal
coupled aging across the entire life cycle. The main
contributions of this paper are as follows:

(1) An accurate DFN-based electrochemical-
thermal-aging coupled model is established by analyzing
the internal aging mechanisms and coupling effects of
lithium plating, plated lithium-induced reactions, SEl
growth, and other side reactions.

(2) By embedding the coupled aging model in the
deep reinforcement learning (DRL) framework, an
optimal charging strategy that accounts for changes in
coupled aging characteristics over the entire
lifecycle based on Mars charging theory is proposed.

(3) The simulation results based on PyBAMM show
that the optimal charging strategies are strongly affected
by the battery aging status and has significant
adaptability to variations in battery characteristics at
different aging stages.

The remainder of this paper is organized as follows:
Section 2 analyzes the internal aging mechanisms and
coupling effects of the battery, and introduce the
development and validation of the model. Section 3
describes the proposed method, including the selection
of charging currents, the design of the battery charging
strategy, and the training of the deep learning model.
Section 4 discusses and compares the simulation results
on the PyBAMM model. Finally, conclusions are given in
Section 5.

2. BATTERY ELECTROCHEMICAL COUPLED MODEL
2.1 Degradation mechanisms and interactions

Four primary degradation mechanisms occur in Li-
ion batteries: (1) SEI layer growth, (2) particle cracking,
(3) loss of active material, and (4) lithium plating [1].
Generally, the battery exhibits a nonlinear aging
characteristic, which can be divided into three stages, as
illustrated in Fig. 1. The degradation phenomena and
internal aging mechanisms vary significantly at different



stages. In the early-aged stage, SEl formation on the
anode causes LLI, resulting in a rapid decrease in battery
capacity during the initial cycles. In the moderately-aged
stage, battery performance steadily declines due to
various side reactions within the battery. In the fully-
aged stage, there is a sharp capacity drop near the end
of life, caused by rapid lithium ion inventory loss due to
lithium plating, and/or active material loss due to
electrolyte depletion, binder failure, and volume
changes.
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The interactions between degradation mechanisms in
the negative electrode are illustrated in Fig. 2. SEI
formation leads to LLI by immobilizing lithium ions and
causing impedance changes through film resistance and
pore clogging. Lithium plating results in LLI by forming
dead lithium and contributes to impedance changes
through pore clogging. Particle fracture can impact all
modes of degradation: it causes LLI by enabling
additional SEl formation on cracks and affects impedance
changes. Additionally, these aging mechanisms influence
each other. LLI generates negative feedback, as reduced
cyclable lithium inhibits lithium plating by preventing the
negative electrode from reaching the highly litigated
state where plating occurs. LAM triggers a positive
feedback loop by enhancing particle fracture; LAM
decreases the interface area between the active material
and electrolyte, increasing interfacial current density and
mechanical stress.
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Fig.2 the interactions between degradation mechanisms in NE (Adapted from Simon et al [8])

2.2 Battery models and Governing equations

The Doyle—Fuller—Newman (DFN) model is chosen
for representing the behavior of LiBs. The key equations
are included here as they are useful for understanding
the interaction between different degradation
mechanisms. Please refer to[5] [8] for more details.

(1) SEIlayer growth model

A simplified version based on solvent diffusion
limited SEI growth model is used in this work. The
diffusion of solvent molecules through the SEl layer limits

its growth.
The thickness growth rate of the SEl layer is
OLgg; 1 = Cs10,0Ds01 (T) Vs
= — = Nyo Vggy = 220~ 2 28 1
at 2 sol Y SEI 2LSE] ( )

The SElI layer is assumed to have an Ohmic

resistivity psgy, causing a voltage drop nggy :

J
Nser = Pseilser % (2)

where ji.: is the interfacial current density

(2) Particle cracking model

The crack model in this work is based on the fatigue
crack model in Deshpande et al.The fatigue crack growth
model follows Paris' law:

dl k er
= = %(atbm/nlcr)m oy > 0, (3)
0

dN

where t, is the time for one cycle, b, is the stress

intensity factor correction, k.. and m., are constants
that are determined from experimental data.

For interactions between the SEI growth and

particle cracking, we apply the same SEI growth model

on the cracks but define a very thin initial SEI layer to



consider the difference between the crack surfaces and
normal surface. The averaged thickness of the SEI layer
on cracks Lggj cr is:

OLgg cr _ Csol,0Dsol (T)VSEI % Lsgicro — Lsgger
at 2Lsg)cr at et

(4)

(3) loss of active material model

Only LAM as a consequence of particle cracking is
included here. The decrease in the accessible volume
fraction of active materials €a is estimated by

asa _ .B (Uh, max — Oh, min

Jt _a O

mp
) ah, min >0 (5)

where  and m, are two constants normally
obtained from experiments, the hydrostatic stress g, =
(or + 20¢)/3, 0. is the critical stress and the subscripts
min and max are the minimum and the maximum
values.

(4) lithium plating model

A model where plated Li decays into dead Li over
time, is proposed here to consider the three-way
interaction between Lithium plating, stripping and SEl
formation. The Li stripping flux N;; is:

Fa, 11 Faginuu
Ny = ky; (CLGXP ( ;T 1) — Ce€Xp (_;—T) (6)

Where

NLi = ¢Ps — e — NsEr (7)

The transfer coefficients a,; and a.1; were set to
0.3and0.7.

2.3 Simulation methods

A coupled degradation model incorporating the
four primary degradation mechanisms was developed
using the open-source modeling environment PyBAMM.
The LG M50T cylindrical cell was selected for simulations
due to the availability of a suitable parameter set for the
DFN model in Chen et al. However, due to limited data,
a thermal model was not included in this work, and the
temperature was assumed to remain constant.

Capacity change is used as the measure of
degradation. The capacity loss attributable to lithium
inventory loss (encompassing SEI growth, cracking, and
lithium plating) and active material loss is:

EsEl
Quur = [y isAdt = [} ks?(e:f—,&)\/?)dt (8)
Qam = L= = [F kayexp (<E22) - SOC - |1]d¢ (9)

Qo RT
To demonstrate the effectiveness of the model, the
CC-CV protocol outlined in Tab.1 was used to run the
coupled degradation model until the battery degraded

from a fresh state (100% SOC) to a fully-aged state (60%
SOCQ).
Tab.1 The CC-CV protocol profiles

The CC-CV protocol profiles
1. Start : check initial capacity , initial SOC =100%
2. repeat:
"Discharge at 1C until 2.5V "
"Chargeat1 Cuntil4.2V",
"Hold at 4.2 V until C/100 "
3.Until SOC=60%
3. End: check initial capacity

The capacity loss plotted against the total charge
throughput Q. is shown in Fig.3 and Fig.4, where

t
Qe (D) = fo 1(o)lde (10)

Itis clearly showing that the majority of irreversible
capacity fade is caused by SEI growth (especially SEI on
cracks) during the first several cycles. As the battery ages
further, capacity fade is increasingly dominated by
various side reactions (red line) at the moderately-aged
state, which is same as the Fig.1 mentioned. This
observation also underscores the importance of
developing charging strategies based on coupled aging

models [7].
0.07 A

-=-- SEl

SEl on cracks
----- Li plating
—— All side reactions
0.054 — Al LLI

0.06

0.04 A

0.03 4

Capacity loss [A.h]

0.02 4

0.01 4

0.00 4

Throughput capacity [A.h]
Fig.3 The capacity loss of Battery at fresh state



— — - SEI ~
0.44| — — SEloncracking - :
---------- Li plating .
---------- All side reactions ~
— - — Allirreversible LLI e :
All reversible LLI
0.3 1
<
2
° ]
= 0.2
g
g
&)
0.14
0

0 2500 5000 7500 10000 12500 15000 17500 20000
Throughput capacity [A.h]

Fig.4 The capacity loss of Battery from 100%SOC to
60%SOC

3. FAST CHARGING OPTIMIZATION BASED ON RL
METHOD

3.1 Design of optimized charging method

The objective of designing the ageing-aware charging
profile is to suppress the coupled degradation of the cell
without significantly sacrificing charging speed. As
mentioned above, several key factors, including the SEl
layer formation, lithium plating, active material loss and
resistance growth are considered during the charging
process.

The optimization problem is formulated to find the
best charging current to:

miny; X (tr — to) + v X (SOC;; — SOCyo) + v3 X Quu

1(t)
+ V4 X Qam
(11)
Subject to:
_K,
I(t) =1, xe ¥C (12)
Imin < I(t) < Imax
13
SOCr = SOCginar , SOCyo = SOCip; (14)
T(ty) =Ty, V(ty) =V, (15)
(16)

QLLI,tO = QLLI,init ’ QAM,t0 = QAM, init

Where Eq. (12) represents the charging current based on

Mars theory, designed to maximize the inhibition of side effects.

Here I, is the initial charging current, K is the current
attenuation coefficient and C is the charging capacity.
Eq. (13) and Eq. (14) protect against over-charging/over-
discharging and high/low temperature, which accelerate

the degradation. ¢, and t; represent the initial time and
final time of charge, t; — ty, SOCs — SOCyis the total
charging time and the total charging capacity. The
weighting factors y; are used to bring the objective terms
to approximately the same order of magnitude.

It should be noted that the problem is a highly-
nonlinear time-varying system with numerous
constraints [9]. A deep reinforcement learning algorithm
based on the deterministic policy gradient and Markov
decision process (MDP) is employed to tackle this
optimization problem. The MDP addresses the problem
of finding the optimal policy that minimizes the total
cumulative rewards from the environment. The
deterministic policy gradient is a model-free deep
learning algorithm that facilitates the convergence of the
charging strategy training process. The state variable X ;)
and action variable A are:

X =[S0C() V() Quu®) Qam(t)] (17)
Ap=I0 K t (18)

The final algorithm proposed in this paper is

summarized in Fig. 5

3.2 Reward function

The reward function plays a guiding role in using
reinforcement learning algorithms for charging strategy
training [5]. According to Eq.(11)-Eq.(16), the reward
defined as:

_ soC t % LLI
Tig1 = D1 *Tiy1 T P2 %7 T P3 *Tiyq +Pg *Til5
LAM
+ps * 177

(19)
Where p;is a tuning parameter, which provides the
flexibility to emphasis the importance of different
control objectives, and

r39¢ =10 x (SOC;,, — SOC;) (20)
ritil—l =—-0.1x% (ti+1 - ti) (21)

Vi1 = Vongr), Viea >V,
o { (Vier = Vinax)s Vier > Vinax 22
i+1 0, Vis1 < Vinax 22
i = =107 X (Quuri+1 — Quuri) (23)
M = =10% X (Quami+1 — Quam,i) (24)

In our case, the reward function is designed to
encourage the battery to be charged from 20% SOC to
the max SOC at the current aging stage, while minimizing
the coupled degradation and keeping the voltage within
the operational constraints. The upper limits of voltage
Vinax = 4.2V, and the charging currents are set within
the range [0.5C,2.3C].
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Fig.5 Flowchart of the proposed battery charging method

3.3 Charging strategy training and execution

As mentioned in Eq. (17) and Eq. (18), the state of
environment is represented as a 4-D state vector
comprising four entries: SOC, voltage, LLI and LAM in
negative node. The action is described as a scalar of the
Mars charging current with 3 parameters: I, K, and
charging time t. In the DDPG algorithm, The actor
network is a multilayer perceptron (MLP) with two
hidden layers. Each containing 40 nodes. The activation
function used is the rectified linear unit (ReLU). The input
to the actor network is the 4-D state vector, and the
output is the action generated by the actor to be applied
to the environment. The critic network is also an MLP
with two hidden layers, consisting of 60 nodes in the first
layer and 100 nodes in the second layer, with ReLU as the
activation function. The input to the critic network is the
concatenation of the state vector and the action scalar.

4., RESULTS AND DISSCUSSION

The goal of this section is to verify the effectiveness
of the proposed charging strategies under different
degradation states. In this session, the proposed aging-
aware optimal charging strategy is evaluated under
different degradation stages ,which are defined as
follows: 1) fresh stage (100% SOC), 2)moderately aged
stage (90% SOC), and 3) fully aged stage (80% SOC).

The charging speed of the battery determined by
the current attenuation coefficient K, which is related to
the initial charging current I , the Initial SOC and the
aging stages. The larger the current attenuation
coefficient, the faster the charging speed. In our case.
The Mars charging current curve is employed to find the
initial value for optimizing charging current, thereby
accelerating the convergence speed of deep learning
algorithms.

The relationship between charging current
parameter K , Iyand Initial SOC is shown in Fig.6. It is
clearly showing that there is a “best combination” of
Ipand Initial SOC which bring the maximum K,,,, and
When Initial SOC is high, achieving a larger K requires
lowering the ;. At the same time, As the degree of aging
increases, the charging speed of the battery will
progressively slow down.

To show the adaptability to variations in battery
characteristics at different aging stages. The Kj;,,, of the
optimize charging current strategy under there
degradation status is shown in Fig.6, clearly shows that
the optimal charging strategies are strongly affected by
the battery aging status. Overall, aged battery requires
the charging strategy to be more carefully
regulated/controlled to avoid the degradation.
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5. CONCLUISIONS

This article proposed an adaptive aging-aware fast
charging method utilizing deep reinforcement learning
to balance charging speed with the aging effects of
multiple degradation mechanisms. This method
incorporates a coupled degradation model which
considered four degradation mechanisms: SEI layer
growth, particle cracking, active material loss, and
lithium plating to capture the dynamic characteristics of
batteries throughout their lifecycle. Based on the Mars
charging theory, the relationships between the current
attenuation coefficient K, the initial charging current
Iy and the Initial SOC are analyzed to provide initial
values for the optimization charging strategy based on
deep learning algorithms, thereby accelerating the
convergence speed of the algorithm. The impact of
battery aging status on the proposed optimal charging
strategy is carefully examined. Simulations Results
indicate significant adaptability to variations in battery
characteristics at different aging stages.
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