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Abstract: This study utilized a multi-stage constant current (MSCC) charge protocol to identify the optimal
current pattern (OCP) for effectively charging lithium-ion batteries (LiBs) using a Dandelion optimizer (DO).
A Thevenin equivalent circuit model (ECM) was implemented to simulate an actual LiB with the ECM
parameters estimated from offline time response data obtained through a hybrid pulse power characterization
(HPPC) test. For the first time, DO was applied to metaheuristic optimization algorithms (MOAs) to determine
the OCP within the MSCC protocol. A composite objective function that incorporates both charging time and
charging temperature was constructed to facilitate the use of DO in obtaining the OCP. To verify the
performance of the proposed method, various algorithms, including the constant current-constant voltage (CC-
CV) technique, formula method (FM), particle swarm optimization (PSO), war strategy optimization (WSO),
jellyfish search algorithm (JSA), grey wolf optimization (GWO), beluga whale optimization (BWO), levy flight
distribution algorithm (LFDA), and African gorilla troops optimizer (AGTO), were introduced. Based on the
OCP extracted from simulations using these MOAs for the specified ECM model, a charging experiment was
conducted on the Panasonic NCR18650PF LiB to evaluated the charging performance in terms of charging time,
temperature, and efficiency. The results demonstrate that the proposed DO technique offers superior charging
performance compared to other charging methods.

Keywords: optimized multi-stage constant current charging protocol; time-domain battery equivalent circuit
model; dandelion metaheuristic optimizer; charging time-temperature multi-objective optimization

1. Introduction

Recently, climate problem has emerged as a significant issue, primarily, caused by the
greenhouse effect stemming from the mass consumption of fossil fuels. In response, renewable
energy sectors such as wind and solar energy have been developed to replace fossil fuels. Addtionaly,
electric vehicles are being promoted as alternative to fossil fuel-based internal combustion engines
along with advancements in energy storage devices designed to store renewable energy. Lithium-ion
batteries (LiBs) are widely utilized in energy storage systems and electric vehicles due to their
compact size, high energy density, long lifespan, low self-discharge rate, high discharge current
tolerance, and absence of memory effect. However, LiBs are sensitive to overcharging, over-
discharging, and ambient temperature, and variations, leading to issues such as rapid increases in
charging temperature, low charging efficiency (CE), and reduced lifespan. Consequently, ongoing
research aims to address these challenges. Generally, battery performance is determined primarily
by the selection of battery materials and manufacturing process technology. Once the battery is
manufactured, its performance is influence by the effectiveness of the battery management system
(BMS) and the operating conditions determined by the user. Among these factors, the most critical
aspect of the BMS is that battery charging technology significantly impacts overall battery
performance. Efficient charging technology is essential for sevral performance factors, including fast
charging speed, lower charging temperature, extended battery life, and improved CE.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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By utilizing an effective battery charging algorithm, charging times can be reduced. Elevated
charging temperature can induce thermal stress within the battery, which is linked to safety concerns
such as rapid performance degradation, battery expansion, and fire hazards. Implmenting
appropriate charging technology can alleviate the increase in charging temperature. An improved
battery charging technology can mitigate temperature increases during charning. Enhanced battery
charging technology can also prolong lifespan by alleviating the decline in state of health (SOH)
associated with the number of charge/discharge cycles. Furthermore, increased energy loss during
the charging process can diminish CE, thereby reducing overall energy transfer efficicency. Therefore,
optimal charging technology can significantly enhance the performances of lithium-ion batteries
when integrated with BMS.

The constant current-constant voltage (CC-CV) charging method [1,2] is a commonly used
technique that initially charges the battery using constant current (CC), gradually increasing the
battery voltage until it reaches the upper limit of 4.2V. At this point, the charging method switches
to constant voltage (CV), and the charging curent begins to decrease until it reaches the minimum set
value. The CC-CV method combines the advantages of both CC and CV methods and is relatively
simple and easy to implement, making it the most widely used charging technology to date. However,
the CV charging stage requires a lengthy charging time, which extends the overall charging duration.
Addtionally, it does not allow for direct control of the increase in charging temperature, leading to
reductions in battery life and charging efficiency (CE). To address these issues, there has been
significant in improving chraing time and CE while managing charging temperature. On such
advancement, the modified CC-CV method known as the boost charging (BC) CC-CV method, which
enhances charging speed compared to the traditional CC-CV approach [3,4]. The BC method
differentiats itself from the standard CC-CV by incorporating a high CC or a constant power cycle
during the charging process. In this approach, a current pump is utilized in the CC mode, while a
pulse current is applied in the CV mode. Experimental results indicate that the BC method achieves
a higher and CE while maintaining a total charging time similar to that of the traditional CC-CV
method.

The pulse charging technique has been proposed by various researchers to reduce charging time,
temperature rise, and extend the lifespan of lithium-ion batteries (LiBs) [5-8]. There are several types
of current pulses, characterized by their frequency, amplitude, and duty cycle. Numerous pulse-
charging patterns have been suggested in the literature as alternatives to the traditional CC-CV
charging method. Pulse charging relies on periodic variations in current pulses with adjustable
current speeds and directions. During the charging process, the charging current can be paused,
increased, decreased, or replaced with short discharge pulses for a specific duration. This technique
can significantly enhance the charging performance when appropriate parameters settings and
operating conditions are applied; however, it often requires complex controllers and incurs high
implementation costs.

Finally, the multistage constant current (MSCC) charging method offers the advantages such as
easy implementation, low temperature rise, and high CE compared to conventional CC-CV-based
charging and pulse charging methods. Unlike traditional methods, the MSCC charging approach
does not include a CV mode, which imposes constant stress on the battery, thereby helping to extend
battery life. Instead of using the CV mode, MSCC employes multiple CC stages with varying current
values. In this method, the charging current profile consists of multiple CC stages with different
current amplitudes, where the current at each stage is applied to the battery until a specific criterion
is met. The stage transition points in the MSCC charging method can be determined using the state
of charge (SOC) or cut-off battery terminal voltage. An SOC-based MSCC charging strategy was
proposed in [9-13]. In this approach, the SOC value facilitaes the transition from one constant current
stage to another. The number of stages can be uniformly divided into ten stages [11] or three stages
[12] or optimized to four stages [13], which is applied to LiBs to evalute the charge time, charge
efficiency, charge and discharge capacities, and temperature rise during charging. The SOC-based
MSCC method can reduce charge time, improve charge efficiency, enhance charge/discharge
capacities, reduce temperature rise, and extend the life of LiBs compared to the CC-CV method.
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However, because the SOC value, which is crucial for intermediate current transfer at each stage,
cannot be directly measured, various methods such as Coulomb counting [14], Kalman filtering [15],
Extended Kalman filtering [16], and Unscented Kalman filtering [17] have been utilized. Despite these
techniques, SOC estimation remains challengng due to significant variations in battery parameters
such as voltage, current, and operating temperature. Errors can arise from aging and nonlinear
behavior during the battery’s operation life. Moreover, the SOC-based step transition method incurs
computational costs and complexity due to the numerous parameters involved in LiB operation.
Consequently, applying SOC-based transitions in practical applications can be challenging, as they
rely on SOC parameters that are difficult to measure directly.

Therefore, in this study, the cut-off voltage was utilized as the transition criterion or the CC
charging technology. This approach simplies the implementation of the MSCC charging method, as
the cut-off voltage can be easily measured during the charging process. The cut-off voltage-based is
the most commonly used criterion for transitioning from one stage to the next and is typically
determined in advance by the battery manufacturer. For cobalt-based LiBs, this is generally set at
4.2V. In this method, when the cut-off voltage is reached during charging, the current is reduced, and
the charging continues until the cut-off voltage is reached again. This process is repeated until a
predefined number of stages is completed, making the implementation straightforward. Each CC
stage can beexecuted in various configurations, including four stages [18-20], five stages [21-29], and
ten stages [30], to evaluate the life and performance of the LiB. However, dividing the charging
process into five stages has been reported to be optimal in terms of computational efficiency and
performance [23]. The MSCC charging strategy has been shown to improve CE, shorten charging
time, enhance charge and discharge capacities, reduce temperature rise, and extend the lifespan of
LiBs compared to the traditional CC-CV method. Additionally, the cut-off voltage-based criterion is
simpler and easier to implement than other SOC-based methods.

The performance indicators of the MSCC charging method, including total charging capacity,
charging time, and CE, depend on the selection of current values for each stage. Thus, it is crucial to
adopt an efficient method to determine the optimal charging pattern (OCP) to enhance the
performance of the MSCC charging method. While mathematical techniques such as the Taguchi
method [21,24] and Bayesian optimization [26] have been employed to identify the optimal OCP,
these methods necessitate experimental verification of candidate charging patterns, which can be
time-consuming and significantly increase the time and cost associated with finding the optimal
solution. In [21], a Thevenin equivalent circuit model (ECM) was implemented, which does not
require extensive experiments and time costs for lithium-ion batteries. In this study, the OCP was
derived by differentiating a charging time equation consisting of mathematically derived current and
voltage variables. This approach allows for easy implementation without using the CV mode to
charge the battery to its maximum capacity. However, it is important to note that this method
primarily optimized, neglecting various performance indicators, such as temperature rise and
charging loss.

Metaheuristic optimization algorithms (MOAs) simulate the movements of plants and animals
in search of food or survival, as well as the physical chaos phenomena of nature. They have been
widely applied to optimization problems due to their advantages, including few parameters, ease to
implementation, and the ability to achieve a balance between exploration and exploitation during
optimization process. To explore the OCP in the MSCC method, the particle swarm optimization
(PSO) algorithm [31] was utilized in [18,23,28], grey wolf optimization (GWO) algorithm [32] was
employed in [27], and jellyfish search algorithm (JSA) [33] was applied in [28]. Furthemore, charging
time (CT) and charging loss were selected as objective functions for each optimization of the
performance indicators of the MSCC charging method [27,28]. However, CT, which is key objective
of OCP, and charging loss indicator have an indirect relationship, complicating the optimization
process. Additionally, calculating chraging loss during the optimization is complex.

To implement an accurate ECM, electrochemical impedance spectroscopy (EIS) is conducted to
derive the internal resistance, polarization resistance, polarization capacity, and time constant values
of the model. Since the cycler experimental equipment for battery charging and discharging only
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measures charging voltage, current, and temperature, a separate and costly potentiostat equipment
is required to perform EIS analysis on LiBs.

Based on aforementioned background, this study adopted the ECM of lithium-ion batteries and
the Dandelion optimizer (DO) algorithm [34], a type of MOA. The OCP of the MSCC charging
method simultaneously considers the performance indices of charging time and charging
temperature. Unlike previous research methods, this study first esimated the ECM model parameters,
such as internal resistance, polarization resistance, polarization capacity, and time constant, offline
based on voltage measurement obtained using the hybrid pulse power characterization (HPPC) test
[35-37] in the time domain. In this test, pulse charge/discharge current is applied, and only the output
voltage is measured, allowing for a simpler and more cost-effective implementation of the ECM
model compared to the EIS method. Second, charging time and temperature were selected as the
objective functions for optimizing the performance indices of the MSCC charging method.
Consequenlty, the charging temperature and the optimization objective function are direclty related,
simplifying cacluation process since the charging temperature is measured diectly during
optimization. Third, among the recently strudied metaheuristic algorithms, including PSO, GWO,
and JSA, we selected other algorithms such as the war strategy optimization (WSO) algorithm [38],
beluga whale optimization (BWO) algorithm [39], levy flight distribution algorithm (LFDA) [40], and
African gorilla troops optimizer (AGTO) algorithm [41], which have been relatively frequently cited.
We compared these with the DO algorithm applied in this study and evasluated their charging
performance indices. By utilizing the DO, the OCP search can be conducted rapidly through
application to the ECM-based platform without requiring nemerous lengthy experimental processes.

The remainder of this paper is organized as follows. Section 2 provides a detailed description of
the basic concepts of the proposed charging technique, including the construction of the battery ECM,
estimation of ECM parameters using the HPPC in the time domain, derivation of the mathematical
relations for the proposed MSCC charging method, formulation of the optimization problem, and
definition of the objective function. Section 3 describes the DO algorithm. Comparative simulations
and experimental results against several existing methods are presented in Section 4, demonstrating
that the proposed method is more valid and effective than the current alternatives. Finally, Section 5
concludes the study.

2. Equivalent Circuit Modeling of Lithium-Ion Batteries

2.1. Modeling of the Equivalent Circuit Model and Parameter Identificaiton of the Lithium-lon Battery

In general, the Thevenin ECM parameters of LiBs are identified through EIS analysis and time-
domain extraction using the HPPC test. The impedance Thevenin ECM is obtained by applying a
small-amplitude sine waveform of AC voltage and current to the electrodes. In the AC impedance
method, the impedance parameters are identified by generating Nyquist plots based on EIS data
measured with a potentiostat. However, this method necessitates additional equipment, specifically
a potentiostat, alongside a charge-discharge cycler. In contrast, the time-domain-based Thevenin
ECM method utilizes voltage and current time-series data. This approach is advantageous because it
eliminates the need for costly impedance measurements using a ptentiostat. Furthermore, battery
cells, packs, and modules can be characterized and modeled directly based on data collected solely
with batter charge-dischafge cycler equipment. The Thevenin ECM is illustrated in Figure 1.
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Figure 1. Thevenin equivalent circuit model.

where Ry denotes the internal resistance, R, and C, represent the polarization resistance and

capacitance, respectively, which characterize the rapid electrode reaction to the battery, and C,

indicates the battery capacitance. The equivalent internal resistance is defiend by R, = R, + R, . In this

study, the utilized LiB is the Panasonic NCR18650PF LiB with specificaitions listed in Table 1.

Table 1. Specification of Panasonic NCR18650PF LiB.

Parameter Value
Nominal Capacity 2900mAh
Nominal Voltage 3.6V
Cut-off Voltage 2.5V
Standard Charge CC-CV,1375mA, 4.2V, 4.0hrs
Dimensions 18.5mm (diameter), 65.3mm (height)
Chage: 0to+45C
Temparature Discharge:—20to +60°C

Storage: —20to +50°C

The experimental battery charging/discharging cycler system is shown in Figure 2. The
WBCS3000S battery cycler and its operating software were manufactured by WonATech Corp. The
charging temperatures of the battery were measured using thermocouples attached to the battery,
which was fixed in low-temperature chamber. The desired charging and discharging conditions were
regulated by smart interface software installed on a desktop computer. The measured voltage,
current, and temperature of the battery were transferred to the desktop via the battery cycler.

Charging/ Setting Charge/
Discharging Discharge
Battery Condition

S =1 /) RecordingData |

Measuring

Data Battery Cycler Battery Cycler

i T ;ncubator WBCS3000S Operating Smart Interface
" (WonATech) (WonATech)

(HANGIL)
& Battery Jig & Thermocouple

Figure 2. Experimental battery platform.
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The single HPPC test involved a cycle 1C discharge/charge current held for 20s, followed by a
3C discharge current held for 60s. Ten cycles were spaced at 1.0, 0.9, 0.8, ..., 0.2, and 0.1 of SOC, as
depicted in Figure 3.
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Figure 3. Current pulse charge/discharge variations.

The corresponding curve of the HPPC experimental voltage variation for the current pulse input
variation is shown in Figure 4. Ten open-circuit voltage values corresponding to the SOC values from
1.0 to 0.1 can be obtained directly, as illustrated in Figure 4 (a). The analysis in Figure 4 (b) provides
the following four features: (1) As the discharge starts att,, the terminal voltage of the battery drops
suddenly fromV, toV, because of the voltage change caused by the resistance of the battery. (2) From
t, tot;, the terminal voltage of the battery decreases slowly from V, toV; due to the battery’s
polarization effect. (3) Fromt; tot,, the terminal voltage of the battery rises suddenly fromV; toV,
because of the voltage changes caused by the internal resistance of the battery. (4) The terminal
voltage of the battery increases slowly fromV, toVs; fort, tot;, which represents the discharge
process of the polarization capacitance through the polarization resistance. To obtain the internal
resistance, the sudden change in the battery terminal voltage at the time points of discharge and
cessation must be analyzed, both of which are caused by the internal resistance. The internal
resistance value can be calculated as

4.4

3.2

d T y T g T T T y T . T w
0 500 1000 1500 2000 2500 3000 3500
t (sec)

(a)
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Figure 4. HPPC experimental voltage curves. (a) Pulse power tests. (b) Single pulse-power test.

Ry = (M, =V, |+, —V5) /21 . (1)

The time constant is obtained as follows:

r=—(t —t,)/In Exl‘—vﬁJ @)

V
17 Vy

After obtaining the time constant 7 , the polarization resistance R, can be calculated as follows:

Ry =V, —V) /[I(1—e 2. (3)
The polarization constant C,can be obtained using the following relationship:
r=R,C,. (9

The parameter identification results are presented in Figure 5. The simulation model for the
Thevenin ECM was constructed using the Simscape and Simulink packages of MATLAB software.
The thermal model is constructed as follows:

Q=C;AaT, 4)

where Q denotes the convective heat, C; represents the heat transfer coefficient, A indicates the cell

area, and AT refers to the temperature increase. The charging temperature was set to 25°C . The CC-
CV charging results at 1C for the Panasonic NCR18650PF LiB based on the identified parameters are
shown in Figure 5.
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2.2. Mathematical Description of the MSCC Charging Method

The charging time, charging cost, and charging capacity of the MSCC charging method for the
Thevenin ECM of the LiB were derived by analyzing the electrical relationships. Based on Kirchhoff’s
voltage law for the circuit shown in Figure 1, the terminal voltage can be expressed as

Vi =Vg, +Vr, +Vo, (5)

whereV, = Vg, - Figure 6 illustrates a conceptual diagram of the MSCC method, showing the typical

battery charging voltage and current shapes corresponding to varying SOC. A previous work [23]
demonstrated that a five-stage CC approach is efficient. Although increasing the number of current
stages can reduce charging time, it also increases complexity and implementation costs. From Figure
5, the charged battery capacity of each state is given by

aQ, = J. Ihoadt =1, 4t =C AV, (6)
where |, denotes the charging current of the previous stage and AV, represents the increased OCV

of each state compared to the OCV of the previous stage. From (6), the charging time required in the

charging stage can be calculated as follows:

_CbAVn

At @)

n
In—1

The OCVV, , in stage s, can be expressed as
Vb,s =Veut—off — Ic,n—lReq (SOC,),n= 2,34,5, 8)
where V,, 4 denotes the cut-off voltage of each current transition point and I, , represents the

charging current of each stage.
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Figure 6. Conceptual diagram of the MSCC charging method.

Based on (4), the voltage drop at each stage can be expressed as
Ny =Vouoff —161Req(SOC2) ~Vp1, (9)
= len-1Req (SOC,) — Iy Req (SOC,,11) , N=2,3,4, (10)
N5 =Vooft —lc5Req (SOCs), (11)

where |, denotes the charging current of stage. The current amplitude of the final stage was

AV,

n

calculated to charge the battery to 100% capacity as follows:
_ cht—off _Vb,5
5= 5 reae - (12)
Req (SOCq)
Therefore, the total charging time can be obtained by summing the times of the MSCC charging
stage as follows:

5 5
et =3, => S (13

n=1 n=l ‘c,n

The energy loss (EL) was calculated by integrating the ohmic loss of each CC stage as follows:

5 5
Lot = 2, ALy =D [121R (SOC)dt . (14)
n=1 n=1

2.3. Objective Function Formulation for OCP

Defining and designing the objective function is essential for applying an optimization
algorithm before utilizing a metaheuristic optimization approach. The fitness values of each particle
were calculated by minimizing the value of the objective functions through the iterative process with
random initial conditions for each particle. In previous studies [27,28], charging time and energy loss
were selected as the physical quantities of the objective function to achieve the dual benefits of
reducing both charging time and temperature rise. While the charge time is closely related to the
charging current at each stage, the direct relationship between charge temperature and energy loss,
as expressed by (14), remains unclear. The energy loss function is primarily linked to the charging
current, which may not directly correspond to variations in charging temperature. Thus, in this study,
we consider the charge temperature parameter instead of energy loss as the objective function. This
approach allows for a direct optimization of charge temperature. To construct the fitness value
function, the maximum and minimum values of charge time and charge temperature were
determined using the CC-CV charging method. A charging current range of 0.5C to 2C was applied
within the Thevenin ECM developed Simulink and Simscape platforms of MATLAB software. The
values obtained are summarized in Table 2.
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Table 2. Data obtained by CC-CV charge method.

C-rate Charge Time (sec) Temperature (°C)
0.5 9910 (Temax) 26 (temax)
2 4250 (Tc/min) 42 (tr:,mux)

The objective function J in this study is proposed as follows:

— 2 — 2
l..)—t. T.(1.)-T.
32 7['[(:( c,n) tc,mmJ +(1_}/)( c( c,n) c,mm} , (15)

tc,max _tc,min T, T,

c¢,max ~ 'c,min

where t.(l,,) and T(l,,) denote the charge time and charge temperature, respectively,
len =[leas le2iles, e, Ios ] represent the charging current values, and y indicates the weighting index

between the charge time and charge temperature. The optimization problem for obtaining the
optimal charge currents in each charge state can be formulated as follows:

Minimize J, I, e FC
Subjectto ty min <tc(len) <temax AN T min <Te(len) < T e -
len Slonar 0l g ANd Ve ) SV s N1=1,2,3,4, (16)
where FC denotes the set of all feasible charging patterns, | andV,

c.max - mex T€Present the allowable
maximum charging current and voltage values. These parameters are set as 5.8A and 4.2V ,

respectively.
3. Metaheuristic Optimization Algorithm for OCP Searching Protocol

3.1. Inspiration for MOA

Searching for the optimal charge current in the MSCC process is challenging when emplying a
trial-and-error approach that solves evaluating every possible combination of charging values. This
method can be both time comsuming and costly. To address these issues, MOAs have demonstrated
significant effectiveness in various studies and applications. In this study, MOAs are emplyed to
optimnize the charging current values for the ECM dedrived from the time-domain identification
process. The objective function is designed to minimize the charging time and temperature of the
selected LiB cell. The ECM constrcuted using the measured battery parameters, is synthesized with
the Simscape utility in MATLAB. Owing to limitations of current cycler equipment, it is impratical to
construct online experiments for direclty identifying the OCP on a real LiB cell. Therefore, the MOA
is applied to the synthesized ECM platform instead. This approach allows for an extensive seach for
the OCP within a virtual ECM framework, enabling effective exploration of a wide range of potential
charging patterns while ensuring that the optimization process is both efficient and reliable.

3.2. Overview of the Dandelion Optimization Algorithm

3.2.1. Inspiration

The dandelion shown in Figure 7 [42], an herbaceous perennial in the Asteraceae family, reaches
heights of over 20 cm and is distinguished by its wind-pollinated seeds. Dandelion is a typical wind-
pollinated plant. These seeds are dispersed by wind, aided by a crown of hair that allows them to
float for extended durations and travel over vast distances, often covering tens of kilometers under
optimal conditions. The seeds fall slowly due to two symmetrical vortices created overhead stabilized
by the crown’s porous structure. The seeds’ travel behavior changes based on wind velocity and
weather conditions, unfolding in three main stages. In the rising stage, a vortex appears above the
seeds, significanly increasing drag under sunny and windy conditions, while rain prevents vortex
formation. During the descending phase, the seeds gradually descend after reaching a certain height.
Finally, in the landing stage, the seeds disperse randomly depending on local wind and weather
conditions, where they may establish new plants.
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Figure 7. Dandelions in nature. (a) Dandelions growth. (b) Dandelion floating in wind.

3.2.2. Mathematical Model

The mathematical model of the DO can be segmented into three primary stages: the rising or
exploration stage, the descending or exploitation stage, and the landing stage [34].

Rising Stage

During the rising stage, dandelion seeds must reach a certain height to separate from their parent
plant. Weather conditions influence how many seeds rise, with wind speed and humidity acting to
increase the number of seeds. For simlicity, weather conditions can be divided into two categories:

Case 1 (clear day): Wind speeds on clear days have a lognormal distribution InY : N(g, o°) along
Y-axis, resulting in a greater spread of random numbers, which increases the chance for dandelion
seeds to travel distances. As a result, the chance for dandelion seeds are randomly scattered across
various locations based on wind conditions within the search space. The wind speed determines the
height which a seed can rise; higher wind speeds lead to increase flight height and wider disperation
of seeds. The wind also constantly modulates the vortices above the seeds, allowing them to ascend
in a spiral motion. The seeds’ motion is expressed as follows:

Xty = Xy +avo, InY (X = X;) . (17)

In (17), X, denotes the position of the dandelion seeds at iteration index t, and X, represents the

randomly selected position in the search space at iteration index t, v, =¢™?cos# and vy = e ’sing,

where 0 €[-7, 7] is a random number, denote the lift component coefficients of a dandelion caused by
the separated eddy action,Y denotes a lognormal distribution subject to the mean =0, and the

. 2 . .
variance o =1, which is expressed as

1 1
——exp| ———=(In >0
InY =4 yJ2r p{ 20° ( y)} g , (18)
0 y<0
where y denotes the standard normal distribution, and & €[0,1] is an adaptive random perturbation,

which is expressed as

a= ranol()x(Tizt2 —T3t+1j, (19)
and « eventually approaches 0 with increase in iteration. « enables the algorithm to concenturate
on global search during the early stages and then trasition to local search in the later stages after
completing a full-stage search.

Case 2 (rainy day): Air resistance, humidity, and other environmental factors prevent dandelion
seeds from rising, leading them to remain within local neighborhoods. This localized exploitation is
described by the following expression:

Xp = Xy xx, (20)

where «x €[0,1]is a parameter used to regulate the local search domain of a dandelion expressed by
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1 ) 2 1
Kzl—rand()x( te - t+ j 21
T2_2T+1  T?2-2T+1 T?-2T+1 @)

It exhibits a downwards convex fluctuation. As the number of iteration increases, the value of k
gradually approaches 1, ensuring that the population eventually converges to the optimal search
agent.

Descending Stage

In this stage, exploration is emphasized in this stage as the dandelion seeds steadily descend to
a specific height. Brownian motion is employed to simulate the movement behavior of the
dandelions. The normal distribution of Brownian motion enables individuals to traverse multiple
search communities during the iterative update process. Average position information is utilized to
reflect the stability of the dandelion descent, allowing the population to develop as a cohesive unit
within promising communities. This behavior is expressed as follows:

Xu1 =X ~af (X —aBX), (22)

where £ denotes a random number of standard Brownian motions and X, represents the average

position of the population in thet th iteration. The information regarding the average population
position directly influences the evolutionary direction of individuals through iterative updates. The
irregular Brownian movement, driven by a global search, increases the likegood of the search agent
escaping local extrema and compels the population to seek areas near the global optimum.

Landing Stage

Exploitation is emphasized at this stage. The dandelion seeds are randomly selected landing
sites based on information from the previous stages. As the iterations progress, the DO algorithm
converges to the global optimal solution. Consequenlty, the optimal solution is considered as the
approximated best position where the dandelion seeds can be thrive. To achieve accurate
convergence to the global position, search agents leverage information about the current elite for
exploitation within their local neighborhoods. As the pollution evolves throughout the iteration
process, the global optimal solution can be attained from the behavior expressed as follows:

><t+1 = xelite + Levy(/q“)a(xelite - Xt5) ’ (23)
where X, denotes the optimal position of the dandelion seed in the tth iteration, Levy(1) represents
the Levy flight function, and ¢ €[0, 2] indicates a linearly increasing function. To prevent excessive

exploitation, a linearly increasing function was applied to individuals. The Levy flight coefficient was
utilized to simulate the movement step size of agents, enabling them to make significant strides to
other positions with a high probability under a Gaussian distribution. This approach effectively
generates more local search areas while requiring fewer iterations.

4. Simulation and Experiment Results and Discussions

4.1. Computing Parameter Setting

The LiB parameters and maximum and minimum values of the charge time and temperature
required for the fitness value function are listed in Tables 1 and 2, respectively. The weighting index
7 in (15) was set to 0.5, indicating an equivalent significance in FC assigned to both the charge time
and charge temperature. Each current (14 ~ I 5 ) set between 0C and 1C affects the charging time and

temperature. The cuf-off voltage (V. o ), set as 4.2V, determines the transition threshold. The

ranges of the five objective current parameter values are listed in Table 3. To verify the efficacy and
feasibility of the various MOAs, eight MOA methods were considered, in addition to the formula
method: PSO, WSO, JSA, GWO, BWO, LFDA, and AGTO. The key considerations for selecting these
MOAs include their up-to-date versions, high citation indices among various MOAs, and their
applications in other MSCC studies. Most of the chosen MOAs are recent developments. The
simulation parameters for each MOA are provided in Table 4.
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Table 3. Range setting of the objective current parameter.

(A (A Tg(A) (A 1s(A)

V, -4.18
0~29 0~29 0~29 0~29 -of "
Req (SOC)
Table 4. Selected parameter values of the applied MOAs.
Algorithm  Particle No. Iteration No. Tuning parameter
PSO 30 100 ¢, =12,¢,=0.15 we[0.4,0.9]
WSO 30 100 N/A
JSA 30 100 p=3 y=01
GWO 30 100 N/A
BWO 30 100 N/A
LFDA 30 100 N/A
AGTO 30 100 p=03,/5=3 w=0.8
DO 30 100 a€[0,1], x[0,]]

4.2. Simulation Results

The ECM was constructed using the Simscape Battery and Simulink toolboxes within MATLAB
package, as illustrated in Figure 8. In the MOAsm the current values began at random starting points
to prevent the solutions from getting trapped in local optima. This randomness contributed to
variations in the best solutions due to the random fluctuations in the parameters. Consequently, the
average MSCC values for each MOA were computed ten times over 100 iterations. The conventional
CC-CV method was also included for comparison with the MSCC results obtained through the MOA
protocols.

convection

(D] | e @2 _
| Te0

Figure 8. ECM model for simulation.

The simulation results are presented in terms of four charging performance evaluation
indicators (CPEIs): the best FC (FCbrest), chage time (CT), maximum charge temperature (MCT), and
EL. The results are summarized in Tables 5 and 6. Accdoring to the CPEI results in Table 5, the FC
value is the highest for the CC-CV method and the lowest for the DO method. Regarding CT, the FM
produced the smallest value; however, due to FM’s inablility to manage temperature increases, its
CT value was relatively high. Although the CT value for DO was higher than that of FM, it remained
the smallest compared to the other MOAs. Furthermore, the MCT value of DO was the lowest, and
the EL value for DO was also the lowest, indicating that it was the most efficient method. Selected
MSCC values are presented in Table 6.

Table 5. Simulation CPEI results.

Algorithm FC CT(sec) MCT(deg) EL(J)
1C CC-CV 0.2961 6127 30.2 2172
M 0.2126 5101 30.19 2115
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PSO 0.2159 5513 29.18 1923
WSO 0.2154 5367 29.43 1977
JSA 0.2121 5535 29.2 1925
GWO 0.2119 5388 29.21 1928
BWO 0.2103 5499 29.26 2023

LFDA 0.2091 5426 29.06 1898
AGTO 0.1970 5435 29.03 1891
DO 0.1934 5342 29.01 1884
Table 6. Simulation OCC results.
Algorithm la(A) Ic2(A) I3 (A) lca(A) Ie5(A)
1C CC-CV 2.9 - - - -

FM 2.9 1.7247 1.0257 0.6102 0.3628
PSO 2.5913 2.0793 1.1363 0.8092 0.3628
WSO 2.2686 1.9596 1.2916 0.7526 0.3628
JSA 2.5959 1.8545 1.5304 0.7448 0.3628
GWO 2.5989 1.7147 1.0226 0.7096 0.3628
BWO 2.5959 1.9732 0.8508 0.6612 0.3628

LFDA 2.5534 1.7258 1.0071 0.6558 0.3628
AGTO 2.5419 1.5045 1.0892 0.6522 0.3628
DO 2.5482 1.4356 0.9227 0.6023 0.3628

4.2. Experimental Results

The MSCC experiments were conducted using the experimental setup depicted in Figure 2. Both

the simulation and the experiment were conducted based on the five-step current values selected
through the simulation, as detailed in Table 6. The results for voltage, current, and charge capacity
obtained using the CC-CV method and each algorithm are illustrated in Figures 9-16. For the current,
the simulation and experimental values were found to be similar. The voltage waveform also showed
a close resemblance between the simulation and experimental results. The experimental results for
charge temperature are presented in Figure 18, indicating the FM, WSO, and CC-CV methods
exhibited the highest maximum charge temperatures, while the DO method result in the lowest
maximum charge temperature.

2.9
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Figure 9. Charging configuration of FM . (a) Simulation. (b) Experiement.
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Figure 11. Charging configuration of WSO. (a) Simulation. (b) Experiement.
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Figure 12. Charging configuration of JSA. (a) Simulation. (b) Experiement.
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Figure 14. Charging configuration of BWO. (a) Simulation. (b) Experiement.
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Figure 15. Charging configuration of LFDA. (a) Simulation. (b) Experiement.
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Figure 17. Charging configuration of DO. (a) Simulation. (b) Experiement.
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Figure 18. Experimental result for charging temperature.

The experimentally obtained CPEIls are summarized in Table 7. The FC value is largest for the
CC-CV method and smallest for DO, consistent with simulation results, showing a reduction of 27%
compared to the CC-CV method. The CT value was the smallest for FM, followed by DO, while the
CC-CV method had the largest CT value. Regarding MCT, DO exhibited the lowest temperature and
FM showed the highest temperature value, mirroring the simulation results. The EL value, which
indicates the charging efficiency, revealed the largest loss for the CC-CV method and the smallest for
DO, reflecting an 18% reduction compared to the CC-CV method. Table 8 lists the MSCC values
obtained from the experiments, which closely align with the simulation results. Table 9 displays the
normalized CPEI values presented in Table 7, including the results for each normalized CPEI In
Table 9, the normalized CE values are derived from the reciprocal of the EL value, as all values were
normalized against the EL value of DO. Higher normalized CE values signify lower EL. The
individual values and the total sum of the normalized CPEI values are illustrated in Figure 19. In
Figure 19, excluding the CT value, where DO tanked second, DO achieved the highest values among
the three indices. The results for the overall performance sums are shown in Figure 19 (e). As depicted
in Figure 19 (e), the CC-CV method produced the lowest performance score, while the PSO, JSA,
GWO, BWO, and LFDA algorithms exhibited similar performance levels. In contrast, the
performance score for FM and WSO were relatively low. Notably, DO achieved the highest overall
score compared to the other methods, with an 18% higher score than that of the CC-CV method.

Table 7. Experimental CPEI results.

Algorithm FC CT(sec) MCT(°C) EL()
1C CC-CV 0.2862 6016 30.25 2173

M 0.2082 4828 30.41 2109
PSO 0.2034 5404 29.3 1915
WSO 0.2389 5379 304 1880
JSA 0.2052 5425 29.3 1843
GWO 0.2046 5364 29.1 1855
BWO 0.2041 5448 29.2 1848
LFDA 0.2071 5447 29.3 1836
AGTO 0.2037 5285 29.6 1837
DO 0.1815 5213 29 1801

Table 8. Obtained Experiment OCC values.

Algorithm Icl(A) Icz (A) IC3 (A) |c4 (A) |c5 (A)
1C CC-CV 2.9 - - - -
M 2.9 1.7255 1.0267 0.6102 0.3629
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PSO 2.5922 2.0799 1.1370 0.8093 0.3629
WSO 2.2698 1.9607 1.2926 0.7527 0.3629
JSA 2.5646 1.66854 1.5193 0.7229 0.3629
GWO 2.6007 1.7162 1.0244 0.7098 0.3629
BWO 2.6164 1.9746 0.8510 0.6614 0.3629
LFDA 2.5546 1.7271 1.0084 0.6560 0.3629
AGTO 2.5431 1.5054 1.0692 0.6523 0.3629
DO 2.5497 1.4371 0.9229 0.6025 0.3629

Table 9. Normalized score of the charging performance for each method.

Algorithm EC CT MCT CE Total Score
1CCC-CV 0.6342 0.8025 0.9587 0.8228 3.2182
FM 0.8718 1.0000 0.9536  0.8540 3.6794
PSO 0.8923 0.8934 0.9898  0.9405 3.7160
WSO 0.7597 0.8976 0.9539 0.9580 3.5740
JSA 0.8845 0.8900  0.9898 0.9772  3.7415ab
GWO 0.8871 0.9000 0.9966 0.9709  3.7546
BWO 0.8893 0.8862 0.9932 0.9746 3.7433
LFDA 0.8764 0.8864 0.9898 0.9809 3.7375
AGTO 0.8910 0.9135 0.9797 0.9804 3.7646
DO 1.0000 0.9261 1.0000 1.0000  3.9261
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Figure 19. Bar chart of performance indicator. (a) FC. (b) CT. (c) MCT. (d) EL. (e) Total score.

7. Conclusions

This study investigated the charging performance by applying the DO algorithm for the first
time to obtain the OCP for MSCC charging of LiBs. The ECM was configured for the NCR18650PF
LiB, and a HPPC test was conducted to generate the time-domain data and estimate the model
parameters. To optimize using the DO algorithm, an objective function was constructed that
considered both charging time and charging temperature was constructed. Several recently studied
MOA techniques were introduced to validate the charging performance of the proposed DO
approach. The OCPs were obtained by conducting simulations that applied the CC-CV method,
various MOA techniques, and the proposed DO to the implemented ECM. These OCPs were
subsequently utilized in charging experiments on actual LiBs to compare charging time, charging
temperature, and charging efficiency. Analysis of the results from these comparative charging
experiments demonstrated that the proposed DO method exhibits the most efficient charging
performance when compared to other comparative methods.
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