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A B S T R A C T S

While fast charging offers undeniable benefits in user convenience, it also presents significant challenges, 
particularly concerning the thermal management of batteries. The e-micromobility devices, such as e-bikes and e- 
motorcycle, often use cost-efficiency processors and passive cooling due to cost considerations, which makes it 
difficult for existing optimization algorithms to run reliably on these devices. To tackle these challenges, this 
study proposed an optimized charging algorithm for those devices. To meet the need for low computational 
efforts in real-N

time usage, the proposed algorithm incorporates both offline training and online operation. During offline 
training, by considering a trade-off between charging time and temperature variations, optimized charging 
current policy maps are obtained based on the 1D electrothermal model and dynamic programming. When 
operation online, the processor only needs to interpolate the optimized policy charging map. The obtained 
optimized policy maps are further validated in real-time experiments with a 43Ah battery. The experiment re
sults show that, compared to the benchmark 1C constant current charging, the charging time is reduced by 8.5 % 
with the proposed charging strategies, while the charged State of Charge (SoC) and temperature increases remain 
nearly identical. Robust analysis demonstrates that the algorithm remains stable and effective under different 
room-temperature and SoC conditions. Moreover, for real-time operation, a minimum execution time of 0.44 
milliseconds on an 8-bit microcontroller demonstrates the method’s suitability for low-cost e-micromobility 
application.

1. Introduction

Lithium-ion batteries (LIBs) are widely utilized in electric trans
portation because of their high energy density and long cycle life [1]. 
However, as the current demand increases, the energy density of LIBs 
also rises, leading to significant heat generation when the batteries 
operate under various conditions [2]. Hence, ensuring the safety of LIBs 
operating at high currents has become a critical concern due to the 
potential risk of thermal runaway [2–4]. To keep battery temperature 
within the safety range during fast charging, many studies have explored 
the optimization of battery thermal management systems to enhance 
heat dissipation [5,6]. Beyond thermal management, numerous scholars 
have conducted in-depth research on battery charging strategies [7,8].

Generally, charging strategies can be classified into closed-loop and 
open-loop optimization [7,8]. In the open-loop approach, a predefined 
current profile is applied regardless of the battery condition, which 
makes the strategy simple and hardware-efficient but less adaptable. 

Conversely, closed-loop approaches adjust the charging profile accord
ing to the real-time battery state, thereby improving safety and pro
longing lifetime, despite the increased computational complexity [7,8]. 
In the context of closed-loop strategies, Duan et al. [9] introduced a 
PID-based closed-loop constant-temperature control integrated with a 
multi-objective biogeography-based optimization algorithm, demon
strating that the charging process can be accelerated without additional 
states of health (SOH) degradation compared to the traditional CC–CV 
protocol. Similarly, Shen et al. [10] developed a coupled Simulink–
Fluent framework that considers both temperature rise and lithium 
plating boundaries, achieving a 48 % reduction in charging time while 
maintaining the maximum temperature below 50 ◦C. Extending these 
efforts, Sayed et al. [11] employed reinforcement learning to dynami
cally adapt charging currents according to real-time battery states, 
thereby balancing charging speed with temperature control and health 
preservation. In a similar direction, Hind et al. [12] proposed a deep 
reinforcement learning framework for multi-stage constant current 
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charging, which learns optimal current profiles under electro-thermal 
constraints and demonstrates robust performance across varying elec
trode configurations. Building on these advances, Chen et al. [13] 
introduced a safety-aware deep reinforcement learning approach based 
on distributional soft actor–critic with conservative augmented 
Lagrangian, explicitly embedding thermal and health constraints to 
enhance robustness, ensure safe operation, and mitigate long-term ca
pacity degradation compared to conventional strategies.

Although closed-loop approaches provide high adaptability and are 
commonly applied in electric vehicles with advanced processors, their 
considerable computational requirements constrain their use in cost- 
sensitive systems typically governed by cost-effective microcontrollers 
[14–16] However, for e-mobility devices such as scooters or e-bikes, 
cost-effective microcontrollers are typically used due to cost limitations. 
Therefore, the application of closed-loop approaches in such devices is 
limited, and open-loop strategies are generally adopted due to their 
lower computational requirements and simpler implementation.

Among them, the Multi-Stage Constant Current (MSCC) method is 
widely used, in which the charging process is divided into several 
constant-current stages with predefined C-rates (C). By progressively 
reducing the charging current across stages, MSCC can shorten charging 
time while alleviating polarization and heat accumulation. For example, 
Lee et al. [17] employed a Taguchi–PSO approach to design a four-stage 
profile that reduced charging time from 119 min (CC–CV) to 67 min 
while maintaining comparable efficiency. Building on this, Jiang et al. 
[18] extended the Taguchi method to five stages, showing 2–3 % higher 
efficiency and a notable reduction in peak temperature relative to both 
CC–CV and earlier stage patterns. Wu et al. [19] further demonstrated 
that a five-stage scheme charged a 20 Ah LFP cell from 20 % to 100 % 
State of Charge (SOC) in 30 min with controlled temperature rise and 
negligible lifetime penalty. Kumar and Pareek [20] integrated Grey 
relational analysis to identify a five-stage pattern that shortened 
charging time from 73.5 min (Constant Current – Constant Voltage 
(CC–CV), 0.05 C cut-off) to 48.1 min while also lowering heat genera
tion. More recently, Huang et al. [21] optimized SOC-based transitions 
with a coyote algorithm, reducing the charging time from 83.6 min 
(CC–CV) to 55.2 min and substantially lowering the temperature rise. 
Tahir et al. [22] advanced this line by introducing unequal SOC in
tervals, achieving faster charging while maintaining thermal behavior 
comparable to CC–CV.

Despite the improved performance of open-loop strategies like 
MSCC, their inability to adapt to real-time battery conditions remains a 
key limitation. In contrast, closed-loop methods allow dynamic adjust
ment based on the actual battery state, offering improved safety and 
efficiency. However, such approaches typically require significant 
computational resources, making them less suitable for cost-effective 
microcontrollers commonly used in electric scooters and e-bikes.

To address this challenge, this study proposes a hybrid optimization 
framework that combines offline modeling with lightweight online 
inference. This approach enables adaptive current control during fast 
charging without requiring intensive real-time computation. During the 
offline training, an electro-thermal model is developed considered both 
reversible and irreversible heat generation during battery charging. The 
charging process is discretized into N intervals based on the SoC, and for 
each interval, a range of initial conditions, defined by SoC, temperature 
and current, were simulated. Using the developed model, the thermal 
responses under various initial conditions were calculated, forming a 
comprehensive grid of state transitions. A cost function is then applied to 
each state-action pair to evaluate the trade-off between temperature rise 
and charging time. Based on the cost map, dynamic programming is 
used to derive the optimal charging current at each state, leading to a 
policy map that minimizes both thermal stress and total charging 
duration. In real-time running, the processor only needs to interpolate 
the trained policy map based on the current state of the battery to obtain 
the optimized charging current. It has been verified that the proposed 
algorithm exhibits good robustness, efficiently charging the battery to 

the desired SoC under different room-temperature and SoC conditions.
In summary, the main contributions of this paper are summarized as 

follows: 1. A lightweight fast-charging optimization framework is pro
posed for micromobility devices, designed to run efficiently on cost- 
effective microcontrollers commonly used in e-scooters and e-bikes. 2. 
An offline–online strategy is introduced, where a dynamic pro
gramming–based policy map enables real-time current control with 
minimal computational effort. 3. Experimental and implementation re
sults demonstrate good robustness under varying SoC and room- 
temperature conditions, with a minimum execution time at the sub- 
millisecond level confirmed on both 8-bit and 32-bit processors. The 
remainder of this paper is organized as follows: Section 2 describes the 
system and model development. Section 3 presents the development and 
implementation of the optimized charging algorithm. Section 4 in
troduces the experimental setup. Section 5 discusses the experimental 
results together with the robustness analysis. Finally, Section 6 con
cludes the paper.

2. System and model development

The goal of this study is to optimize the charging strategy for electric 
micromobility devices, such as e-bikes and e-scooters, which typically 
use passive cooling systems. The battery heat distribution path in these 
devices is shown in Fig. 1. The heat generated by irreversible and 
reversible heat first causes the battery temperature to rise, and then 
some of the heat is dissipated into the environment by natural convec
tion when the battery temperature is higher than the ambient 
temperature.

2.1. Battery thermal model

The transient thermal behavior of lithium-ion batteries has been 
investigated using both lumped and CFD models. And studies have 
shown that reversible heat contributes non-negligibly during fast 
charging [23,24]. To improve dynamic accuracy for thermal optimiza
tion, this study incorporates both irreversible and reversible heat into 
the lumped thermal model, expressed as: 

mbatCpbat
dTbat

dt
= Q̇ire + Q̇rev − Q̇amb (1) 

where mbat is the battery mass (kg), Cpbat is the specific heat capacity of 
the battery (J/kg), Tbat is the battery temperature ( ◦C), Q̇ire is irre
versible heat rate (W), Q̇rev is the battery reversible heat rate (W) and 
Q̇amb is heat rate transferred to the ambient (W). Typically, irreversible 
heat is associated with the battery’s ohmic heat loss and is calculated 
based on the battery open circuit voltage (VOCV), battery terminal 
voltage (Vbat) and current (Ibat), as presented below: 

Q̇ire = |Ibat(VOCV − Vbat)| (2) 

The reversible heat in the battery arises from the electrochemical 
reaction and is determined by the current, battery temperature and the 
derivative of battery open circuit voltage with respect to temperature. 

Q̇rev = IbatTbat
∂VOCV

∂Tbat
(3) 

The heat rate transferred to the ambient is calculated based on the 
Newton’s law of cooling. 

Q̇amb = hA(Tbat − Tamb) (4) 

where h is the convective coefficient, A is the surface area of the battery 
and Tamb is the ambient temperature. By taking Eqs. (2), (3) and (4) into 
(1) the thermal model of the battery is shown as below: 

mbatCpbat
dTbat

dt
= |Ibat(VOCV − Vbat)| + IbatTbat

∂VOCV

∂T
− hA(Tbat − Tamb) (5) 
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In this equation, to establish the relationship between the open cir
cuit voltage (OCV) and temperature, the battery is positioned in a 
climate chamber and measured under various ambient temperatures. 
The battery current and terminal voltage are obtained from the electrical 
model described in the following section, while the convective coeffi
cient h is determined based on our previous studies [25,26].

2.2. Battery electric model

The equivalent circuit model (ECM), based on Thevenin’s theorem, 
offers a cost-effective approach for battery voltage estimation. To bal
ance accuracy and computational efficiency, this study adopts a single 
RC pair, which is sufficient under low-dynamic or constant current 
profiles [27,28]. As shown in Fig. 2, the terminal voltage (Vbat) is derived 
from Kirchhoff’s laws: [27] 

Vbat = Vocv − IbatR0 − VR1 (6) 

where R0 is the Ohmic resistance, VR1 is the voltage of the RC pair. In this 
question, both open-circuit voltage (Vocv) and R0 considered as a 
nonlinear function of SoC and temperature. The VR1 are represented by 
the following equation: 

dVR1

dt
=

Ibatt

C1
−

VR1

R1C1
(7) 

where R1 and C1 is the resistor and capacitor in the RC pairs. The value 
of R1, C1 and OCV varies with the battery SoC, and the SoC is calculated 
by coulomb counting as: 

dSoC
dt

= −
ηc⋅Ibat

3600Cbat
(8) 

where ηc is the coulomb efficiency, Cbat is the actual capacity in Ah. 
Generally, to determine values of OCV, R0, R1 and C1, hybrid pulse 
power characterization (HPPC) and OCV-SoC tests are conducted at 

different SoCs and temperatures. And a table can be formed based on 
SoC and temperature to save the values determined through HPPC.

2.3. Electric thermal coupling

The coupled model between the electrical and thermal models is 
shown in Fig.3. Parameters required for the ECM are interpolated from 
tables based on temperature and SoC. These parameters are usually 
determined by the HPPC and stored in the form of lookup tables [26]. 
The ECM calculates the battery terminal voltage from the total current 
and interpolated values of R0, R1 and C1 and OCV. The calculated value 
of terminal voltage, along with the OCV and current, is passed to the 
thermal model. After receiving input values from the electrical model, 
the thermal model calculates the battery temperature using the previ
ously presented equations. The calculated temperature value is then sent 
back to the electrical model as an input for the next iteration.

3. Fast charging temperature trajectory optimization

3.1. Problem formulation

The goal of this paper is to optimize the charging strategy under 
natural convection for electromobility systems lacking advanced cooling 
systems. Normally, the battery heat generation rate is not only related to 
the ambient temperature but also to the battery SoC. This means the 
battery will have different heat generations under different ambient 
conditions and states. This means it is possible to increase the charging 
current in the low heat generation period and decrease the charging 
current in the high heat generation period, thus reducing the charging 
time while maintaining the same temperature rise. Hence, the optimi
zation problem is described as dividing the battery charging state into N 
steps based on the battery SoC and adapting the charging current at each 
step to optimize the charging time and the battery temperature rise, as 
indicated by the following equation. 

J = min

[
∑N

k=1

[
α1LTcost,k(Tbat)+ α2Ltcost,k(Tbat)

]
]

(9) 

where the LTcost,k denotes the temperature increase at kth step, Ltcost,k 

denotes the elapsed time from kth to (k + 1)th step, α1 and α2 are the 
weighting factors for temperature increases and time used, respectively.

3.2. Dynamic programming optimization strategy design

DP is a mathematical optimization method based on Bellman’s 
principle which aims to reconstruct complex decision problems into a 

Fig. 1. Schematic of the battery under natural convection.

Fig. 2. Equivalent circuit model with one RC.
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series of more manageable sub-stage decision problems. The optimal 
solution to this complex problem is then obtained by combining the 
optimal solution to each sub-problem. Due to the complexity of the 
model, it could require a large computational effort, making it difficult 
to use online optimization. However, the optimal solution can be ob
tained by offline optimization and storing the optimization results in a 

policy map. When running in real-time, the charging current are ob
tained by looking up the policy map based on the battery status shown in 
Fig.4.

As presented in Eq. (9), the charging process is initially segmented 
into N steps with a charging specific SoC range. Each step is denoted by 
k, where k = 1, 2, …, N. To minimize temperature rise and charging 

Fig. 3. Coupled electrical and thermal models.

Fig. 4. Overview of the optimization procedure.
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time, the optimization problem is further formulated as follows: 

Jk = min
Ibat

[
Qk(Ibat ,Tbat)+ Jk+1( Tʹ

bat
)]
, k ∈ [1,N − 1] (10a) 

Jk = Kf
(
Tbat − T∗

bat
)
, k = N (10b) 

where Jk is the minimize at kth step, Qk is the cost map at kth step, Ibat is 
the charging current at kth step, Tbat is the battery initial temperature, 
Tʹ

bat is the battery temperature after this charging step, T∗
bat is the battery 

temperature under a standard constant current charging condition at the 
end of charging. The step cost Qk at the kth step is the sum of the time cost 
Qk

t with weight factor Kt and the temperature rise cost Qk
T with weight 

factor KT. 

Qk = KTQk
T(Ibat,Tbat) + KtQk

t (Ibat,Tbat), k ∈ [1,N − 1] (11) 

The step costs of Qk
T and Qk

t are obtained based on a standard CC 
charge: 

Qk
T = CmT(Ibat ,Tbat , k) − CmT

(
Ibat Std,Tbat , k

)
, k ∈ [1,N − 1] (12c) 

Qk
t = Cmt(Ibat ,Tbat, k) − Cmt

(
Ibat Std,Tbat, k

)
, k ∈ [1,N − 1] (12d) 

where, CmT represents the battery temperature increase at the kth step, 
which depends on its specific initial conditions (e.g., current and tem
perature). Similarly, Cmt represents the time used at kth charging step, 
and Ibat Std is the selected standard constant charge current.

The weight factors KT and Kt are constrained to sum to unity (KT +Kt 
=1). Increasing KT emphasizes minimizing temperature rise, while 
increasing Kt prioritizes shortening charging time. Their complemen
tary adjustment enables balancing safety and efficiency in the optimi
zation process. Meanwhile, the cost components of time and 
temperature are individually normalized between 0 and 1 using the 
following equation: 

xnorm =
x − xmin

xmax − xmin
(13) 

where x denotes the original data, xmin and xmax are the minimum and 
maximum values in the dataset, respectively, and xnorm is the normalized 
result scaled between 0 and 1.

3.3. Charging state discretization and policy map

Sensitivity analyses are conducted for the discretization of SoC, 
temperature, and current. For the SoC interval, reducing the step from 4 
% to 1 % gradually improves the optimization outcome by about 3 %, 
and since a 1 % resolution is standard in e-mobility devices, a 1 % in
terval is selected. For the temperature discretization, decreasing the step 
from 4 ◦C to 2 ◦C yields an improvement of approximately 2 %, while a 
further reduction to 1 ◦C provides only an additional 0.5 %; therefore, a 
step size of 2 ◦C is adopted to balance accuracy and computational ef
ficiency. For the current discretization, four intervals (0.45 C, 0.2 C, 0.1 
C, and 0.05 C) are tested, where C denotes the nominal charge/discharge 
rate defined with respect to the rated capacity of the cell, corresponding 
to a current of 1C = 1 x capacity (Ah). For example, a 1 C rate fully 
charges or discharges the battery in one hour. Since no further 
improvement is observed once the step reaches 0.2 C, a 0.2 C interval is 
chosen.

Meanwhile, a two-step sweep is employed to determine the param
eters KT and Kt . First, a coarse search with an interval of 0.1 is per
formed to identify the promising range, and then a finer search with an 
interval of 0.01 is carried out between the two best candidates to obtain 
the optimal setting. Based on this procedure, the best performance is 
achieved when Kt =0.67 (and KT=0.33), providing a balanced trade-off 
between charging time and temperature rise. Table 1 summarizes the 
parameters used to generate the policy map.

For implementation on the microcontroller, the generated policy 
map is organized as a two-dimensional matrix, where the dimensions are 
determined by the discretization of temperature and SoC. Bilinear 
interpolation is subsequently employed to estimate values between the 
discretized grid points. In the present work, the temperature domain 
from 15 ◦C to 45 ◦C is discretized with a step of 2 ◦C, while the SoC 
domain from 10 % to 80 % is discretized with a step of 1 %. Conse
quently, the policy map for MCU deployment is of dimension 16 × 71. 
Since the temperature and SoC axes are uniformly discretized and do not 
require additional storage, the size of the policy map is determined by 
the number of floating-point entries stored in the MCU, as expressed by 
the following equation: 

Flash (bytes) = NT × NSoC × b (14) 

where NT is the number of discretized temperature points, NSoC is the 
number of discretized SoC intervals, and b denotes the number of bytes 
required to store one element in the policy map. For example, using 32- 
bit floating-point representation requires 4 bytes per entry, resulting in a 
total memory demand of 16 × 71 × 4 = 4544 bytes (approximately 4.44 
KB). Given that the ATmega328P provides 32 KB of Flash, this capacity 
is sufficient to store the policy map for implementation. In other 
commonly used microcontrollers, such as the STM32 series with up to 1 
MB of Flash, the storage requirement is negligible compared to the 
available program memory.

4. Experiment setup

In this study, two different experimental setups are utilized. The first 
setup focuses on determining battery parameters under different tem
peratures. As shown in Fig. 5a, the battery is connected to a battery 
tester (PEC CT0550) and placed inside climate chamber without any 
cover. Then the OCV and HPPC tests is performed to obtain the battery- 
electric parameters. In order to obtain the battery-electric parameters as 
a function of temperature, these two tests are repeated with the climate 
chamber set to 25 ◦C, 30 ◦C and 35 ◦C respectively.

The second setup focus on validate the electric-thermal model and 
proposed algorithm. The information about the battery is presented in 
Table 2, and Fig.5b presents the experiment setup. The battery setup is 
placed in a CTS climate chamber to ensure a stable and controlled 
ambient temperature. Simultaneously, to minimize disturbances from 
the climate chamber fan, the battery setup is enclosed in a box, ensuring 
that the battery is under natural convection. Note that although there 
are fans in the box, they are deactivated during the experiment.

Three temperature sensors are positioned on the battery surface to 
measure its temperature. A temperature data logger with a resolution of 
±0.2 ◦C is used to capture temperature readings from the sensors and 
transmit the measured data to the PEC tester via CAN communication. 
For the charging/discharging of the battery cell, a PEC CT0550 battery 
tester is utilized, capable of applying a maximum current of 50A for one 
channel. In this study, the climate chamber is set to 25 ◦C and 2 channels 
of the tester are configured together in parallel to perform the experi
ment achieving a max 100A current. To have a fair comparison with CC 
charging, the battery is discharged with C/5 current to its minimum 
voltage, then charged with C/5 current to 10 % SoC, followed by 2 h of 
resting. After reaching its equilibrium states, the battery is charge with 
the proposed charging steps and benchmark CC, separately.

Table 1 
Key discretization and weighting parameters for policy map.

Items Value

SoC interval every 1 %
Temperature interval every 2 ◦C
Current interval every 0.2 C
Temperature factor (KT) 0.33
Time factor (Kt) 0.67
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5. Results and discussion

5.1. Battery parameter

The identified parameters for the battery used in this study are 
shown in Fig.6. Within the temperature range of 25 ◦C to 35 ◦C, the OCV 
remains nearly constant agree with literatures [26,27]. The parameter 
R0 exhibits temperature dependence, decreasing as the temperature 
rises, which is reasonable since R0 represents the internal resistance of 
the battery and decreases with increasing temperature. Similarly, R1 is 

temperature-dependent and generally decreases with increasing tem
perature in the mid SoC range (30 % to 70 % SoC). Meanwhile, the 
capacitance C1 shows a positive linear relationship with temperature. 
However, at low SoC ranges, particularly from 10 % to 20 % SoC, this 
relationship becomes less apparent, possibly due to noise introduced in 
the HPPC tests, which compromises voltage uniformity when the battery 
is at a low SoC.

5.2. Model validation

To validate the lumped electro-thermal model, three experiments 
were conducted using standard constant-current charging rates of 1C, 
1.5C, and 2C. Each experiment charged the battery from 10 % to 80 % 
SoC at a room temperature of 25 ◦C. Fig. 7(a) shows the simulated and 
experimental battery temperatures under these charging conditions. The 
model demonstrates close agreement with the experimental data across 
all current rates. As shown in Fig. 7(b), the maximum temperature error 
remains within 1 ◦C, with RMSE values of 0.111 ◦C, 0.500 ◦C, and 0.604 
◦C for 1C, 1.5C, and 2C, respectively. These results are comparable to 
recent studies, such as Fan et al. [30], who reported temperature RMSEs 
of 0.55–0.64 ◦C under varying ambient conditions and Li et al. [31], who 

Fig. 5. Experiment setup for parameter determination and validation.

Table 2 
Characteristics of battery.

Characteristic Value

Nominal voltage 3.65 V
Battery capacity 43 Ah
Battery heat capacity 1015 (J kg-1 ◦C-1) [29]
Battery material NMC/C
Battery mass 0.94 kg
Battery dimension L:148 mm x W:27 mm x H:91mm
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Fig. 6. Determined battery parameters.

Fig. 7. Experiment and simulation results under different charging currents (charging from 10 % to 80 % SoC).
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reported temperature RMSEs of 0.60 ◦C under fast-charging conditions.
Similarly, the voltage comparison is presented in Fig. 7(c), with 

detailed error shown in Fig. 7(d). The maximum voltage error is 14 mV 
in the initial low‑SoC region (first 500 s) and remains within 8 mV 
thereafter. The corresponding RMSE values are 2.659 mV, 5.869 mV, 
and 7.410 mV for 1C, 1.5C, and 2C charging rates, respectively. These 
results are consistent with prior work. Kasper et al. [32] demonstrated 
voltage RMSE reductions of 10.4 mV under dynamic loading, while Xi 
et al. [33] reported approximately 56.7 mV RMSE for voltage prediction 
using a neural network-based approach.

5.3. Algorithm validation

The generated optimized policy map controls the current to charge 
the battery from 10 % to 80 % of the SoC at battery’s initial temperature 
of 25 ◦C. It is essential to note that while this map is generated under the 
initial condition of 25 ◦C and within the 10 % to 80 % SoC range, it 
dynamically calculates the charging current based on real-time battery 
status. As a result, it exhibits efficiency across diverse initial SoC levels 
and temperatures, which will be presented in robustness analysis.

Fig. 8(a) depicts the simulation and experimental results of the bat
tery temperature at the optimized charging current. Initially, the battery 
temperature rises quickly. Then, from 960 s to 1680 s, the temperature 
increase slows down. After 1680 s, the temperature stabilizes and stays 
around 32.5 ◦C. This behavior aligns with the charging current trend 

depicted in Fig. 8(e), wherein the charging current exhibits a high value 
initially. Then, the current gradually decreases, reaching 39A by the 
time the charging process approaches completion. And the voltage re
sults of simulation and voltage are shown in Fig. 8(c). Good agreement is 
found between experimental and simulation results, with a maximum 
difference of <12 mV shown in Fig. 8(d). The maximum temperature 
difference between the simulation and the practical temperature during 
this optimized charging process is <0.4 ◦C, as shown in Fig. 8(b).

Fig. 8(f) compares the time used for 1C CC charging and optimized 
charging as they both reach the same temperature at the end of charging. 
Specifically, 1C CC charging spans 2520 s to charge the battery from 10 
% to 80 % of the SoC. In contrast, optimized charging achieves the same 
level in only 2306 s, resulting in a saving of approximately 8.5 % in 
charging time. This serves as a demonstration of the algorithm’s effec
tiveness in reducing charging duration without inducing an increase in 
battery temperature.

5.4. Robustness analysis

Considering real-life use cases, four different types of scenarios have 
been studied to assess the robustness of the algorithm. The first scenario 
assesses the algorithm’s resilience by considering a range of different 
initial and final SoC values. The second scenario assesses the algorithm’s 
robustness under varying initial temperatures, designed to emulate 
conditions where the battery is charged immediately after operation. 

Fig. 8. Experiment and simulation results for the optimized charging current (charging from 10 % to 80 % SoC).
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The third scenario combines the characteristics of the first two cases, 
representing a typical real-world situation where the user initiates 
charging shortly after use. In this condition, the battery temperature 
remains relatively high, and the SoC has not yet decreased to 10 %, 
closely reflecting common usage patterns. Finally, to assess the robust
ness of the algorithm across varying SoH, different internal resistance 
values are incorporated into the simulations to represent the elevated 
heat generation typically observed in aged batteries.

5.4.1. SoC disturbance
Given the variety of charging habits, three cases are considered. The 

first case initiates charging from 10 % SoC but halts early at 60 % SoC. In 
the second case, the charging process starts at 30 % SoC and concludes at 
80 % SoC. The last case is it starts charging from 20 % SoC and ends at 60 
% SoC.

Fig. 9(a) displays the temperature and current profiles during 
charging from 10 % to 60 % SoC. The behavior of this current and 
temperature closely resembles the first 1500 s of charging from 10 % to 
80 % SoC. This is expected as the policy map returns suggested values 
based on the current state, and with identical initial conditions, the map 
returns the same values, resulting in consistent state changes. Fig. 9(b)
summarizes the algorithm’s performance in this case relative to 1C 
charging. Despite the maximum temperature rise of approximately 2.8 
%, from 31.4 ◦C to 32.3 ◦C, the optimized charging method reduces the 
charging time from 1800 s to 1530 s, achieving a time savings of about 
15 % compared to 1C charging.

Fig. 10(a) illustrate the current and temperature profiles during 
charging from 30 % to 80 % SoC. In this case, the behavior of current and 
temperature deviates from that observed during charging from 10 % to 
80 % SoC. This difference is attributed to the varying initial state, as 
previously discussed, which influences the charging dynamics 
throughout the period. When compared with 1C charging is depicted in 
Fig. 10(b), the temperature difference at the end of charging in this case 
is <1 % compared to 1C charging. Nonetheless, significant time savings 
are achieved: approximately 7.3 % (from 1800s to 1668s).

Fig. 11(a) illustrate the current and temperature profiles during 
charging from 20 % to 60 % SoC. The algorithm adapted the charging 
current behavior compared to the scenario charging from 10 % to 80 %. 
Notably, the charging process terminates before reaching the algo
rithm’s expected stabilization temperature, prompting the algorithm to 
continue raising the battery temperature throughout the charging. 
Consequently, the temperature difference compared with 1C charging is 
relatively higher around 2.6 %, as illustrated in Fig. 11(b). However, the 
time savings are significant, amounting to approximately 14.4 %.

5.4.2. Initial temperature disturbance
To assess the robustness of the algorithm about the battery initial 

temperature, two distinct initial temperatures are selected. One set the 
initial temperature to 27 ◦C to simulate battery charging immediately 
after normal use, while the other set the initial temperature to 30 ◦C to 
simulate charging immediately after heavy use.

Fig. 12(a) presents the temperature and current profiles during 
charging with an initial temperature of 27 ◦C. Compared to the 25 ◦C 
case, the algorithm adjusts the current more gently, reaching 56A only 
for the first 350 s and then gradually decreasing. After 722 s, the current 
drops further to 38 A by the end of charging. This adjustment helps 
maintain thermal stability once the target temperature is approached 
earlier due to the higher initial temperature. As shown in Fig. 12(b), the 
maximum temperature remains comparable to that under 1C charging, 
while the charging time is reduced by approximately 7.7 %.

As shown in Fig. 13(a), when the initial temperature is 30 ◦C, the 1C 
charging temperature first drops in the initial 500 s due to the 5 ◦C 
difference from ambient, then rises as heat generation overtakes heat 
dissipation. In contrast, the proposed algorithm leverages this early 
thermal advantage by applying higher current initially, then gradually 
reducing it to maintain temperature stability. As illustrated in Fig. 13(b), 
the peak temperature is similar to 1C charging, but the total charging 
time is reduced by approximately 6.0 %, demonstrating the robustness 
of this algorithm.

5.4.3. Mixing with SoC and initial temperature disturbances
In this scenario, to simulate a realistic situation where the user begins 

charging the battery immediately while the SoC has not yet reached 10 
%, a charging range from 20 % to 70 % SoC at an initial temperature of 
27 ◦C is used. The results of temperature and current are shown in 
Fig. 14(a). As in other cases, the algorithm initially increases the tem
perature and then maintains it at a stable level, according to the pre
determined expectations of the algorithm. Fig. 14(b) presents the 
comparison between 1C and optimized charging. Similar to other cases, 
the strategic approach used by the algorithm maintains the maximum 
temperature difference to <1.5 % compared with 1C charging. 
Furthermore, the charging time is reduced by approximately 9.4 %, 
demonstrating the robustness of this algorithm in the mixed scenario.

5.4.4. Increased internal resistance
To evaluate the performance of the proposed algorithm with aged 

batteries, the effect of increased internal resistance was simulated. Since 
the internal resistance of lithium-ion batteries tends to rise with aging 
[34,35], leading to elevated heat generation, simulations were per
formed with resistance values scaled to 1.5 × and 2 × the nominal value 
R0. In practice, cells with internal resistance above 2 × the nominal 

Fig. 9. Robustness analysis of SoC disturbance (charging from 10 % to 60 % SoC).
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value are unsuitable for high-rate operations. Hence, the analysis was 
limited to 2 × R0. The results, summarized in Fig. 15, show that under 
1.5 × R0, the proposed algorithm completed charging in 2389 s with a 
maximum temperature of 33.58 ◦C. In contrast, conventional 1C 
charging required 2520 s and reached a slightly higher temperature of 
33.88 ◦C, yielding a 5.1 % reduction in charging time. Under 2 × R0, the 
algorithm maintained the maximum temperature below 35 ◦C while 
reducing the charging duration by 2 % compared to 1C charging, which 
exceeded 35 ◦C. These results demonstrate that the proposed algorithm 

remains effective and thermally safe under aged-battery conditions.

5.5. Real-time runtime analysis

To verify the feasibility of the proposed algorithm on low-cost 
microprocessor, two distinct microprocessor have been chosen for per
formance assessment, as detailed in Table 3. The optimized policy map is 
integrated into the microprocessor. The algorithm execution time is 
recorded from the input of battery status to the retrieval of the 

Fig. 10. Robustness analysis of SoC disturbance (charging from 30 % to 80 % SoC).

Fig. 11. Robustness analysis of SoC disturbance (charging from 20 % to 60 % SoC).

Fig. 12. Robustness analysis of initial temperature disturbance (initial temperature at 27 ◦C).
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recommended current from the policy map. All interrupts were disabled 
and no background tasks were running during the test, in order to 
measure the algorithm’s execution time under controlled condition. The 
results demonstrate that the proposed algorithm can successfully run on 
a low-cost microprocessor. It takes 0.44 milliseconds to run once on an 
8-bit microprocessor with a frequency of 16 MHz, and 0.076 millisec
onds to run once on a 32-bit microprocessor with a frequency of 84 MHz.

Fig. 13. Robustness analysis of initial temperature disturbance (initial temperature at 30 ◦C).

Fig. 14. Robustness analysis of mixing with SoC and initial temperature disturbance.

Fig. 15. Robustness analysis of Increased internal resistance.

Table 3 
Execution on different processors.

ATmega328 Atmel SAM3 × 8E

Processor architecture 8-bit AVR® 32-bit ARM® Cortex®-M3
Frequency 16 MHz 84 MHz
Execution time 0.44 ms 0.073 ms
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5.6. Limitations

The proposed charging strategy demonstrates promising perfor
mance under room-temperature conditions and is well-suited for low- 
cost microcontroller deployment. However, two main limitations 
should be noted. First, extreme temperature conditions (e.g., sub-zero 
temperatures or above 40 ◦C) were not included in the experimental 
validation due to restrictions in the battery’s operational specifications. 
Second, the current model does not account for battery aging effects, 
such as the increase in internal resistance over charge–discharge cycles. 
These factors may affect long-term performance in real-world applica
tions. Future work will address these issues by incorporating aging- 
aware parameter adaptation and integrating charging control with 
thermal conditioning strategies, such as preheating at low temperatures 
and cooling at high temperatures.

6. Conclusion

In this study, a fast-charging optimization algorithm is proposed for 
electric micromobility devices equipped with lithium-ion batteries. 
Considering the limited computing power of these devices, the proposed 
algorithm requires only low computational effort when running in real 
time. To do so, the algorithm incorporates both offline training and 
online operation. In offline training, a comprehensive electro-thermal 
model is presented, encompassing both reversible and irreversible 
heat generation within the battery. The charging process is then divided 
into several stages by different start and end SoC. The model is then used 
to calculate a state grid based on different initial temperatures, which 
includes the charging temperature and charging time for each stage of 
charging. Dynamic programming is then used to find the optimal 
charging current based on the cost of the state grid to form an optimized 
policy map based on the battery status. In real-time operation, the 
processor simply interpolates the optimized policy map based on the 
battery’s current state to obtain the optimized charging current. The 
experimental and simulation results indicate that the proposed algo
rithm reduces charging time while maintaining a similar temperature 
rise. The robustness analysis shows that the algorithm performs well at 
different initial room temperatures and SoC ranges. When executed 
once, the algorithm achieves a minimum execution time of 0.44 ms on 
an 8-bit microprocessor and 0.073 ms on a 32-bit microprocessor. These 
results demonstrate the efficiency and stability of the proposed 
algorithm.

While the proposed strategy has demonstrated promising perfor
mance under room-temperature conditions, certain aspects remain 
beyond the current scope. Specifically, extreme temperature conditions 
(e.g., sub-zero or above 40 ◦C) were not included in the experimental 
validation, as the tested battery cells are not specified for operation in 
such environments. In addition, the present model does not explicitly 
account for battery aging effects, such as gradual increases in internal 
resistance over time, which could influence long-term performance. 
Future research will aim to address these aspects by incorporating aging- 
aware parameter adaptation and integrating charging control with 
thermal conditioning strategies, including preheating at low tempera
tures and cooling at elevated temperatures. Extension of the proposed 
method to battery modules and multi-cell pack-level systems will also be 
investigated to evaluate its scalability in more complex configurations.
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[32] J. Kasper, P. Hrzina, L. Černá, T. Finsterle, V. Knap, Kinetic model for improved 
dynamic current response in lithium-ion battery electrical circuit models, Monatsh. 
Chem. - Chem. Mon. 156 (2025) 539–548.

[33] H. Xi, T. Lv, J. Qin, M. Ma, J. Xie, S. Lu, Z. Liu, Prediction of lithium battery voltage 
and State of charge using multi-head attention BiLSTM neural network, Appl. Sci. 
(2025) 15.

[34] P. Li, Z. Ao, J. Hou, S. Xiang, Z. Wang, Physics-informed mamba neural network 
with potential knowledge for state-of-charge estimation of lithium-ion batteries, 
J. Energy Storage (2025) 123.

[35] P. Li, X. Wu, R. Grosu, J. Hou, M. Ilolov, S. Xiang, Applying neural network to 
health estimation and lifetime prediction of lithium-ion batteries, IEEE Trans. 
Transp. Electrif. 11 (2025) 4224–4248.

J. He et al.                                                                                                                                                                                                                                       Results in Engineering 28 (2025) 107826 

13 

http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0021
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0021
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0021
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0022
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0022
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0022
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0023
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0023
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0023
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0024
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0024
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0025
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0025
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0025
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0025
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0026
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0026
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0026
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0027
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0027
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0027
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0028
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0028
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0028
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0028
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0029
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0029
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0029
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0030
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0030
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0031
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0031
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0032
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0032
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0032
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0033
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0033
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0033
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0034
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0034
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0034
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0035
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0035
http://refhub.elsevier.com/S2590-1230(25)03878-2/sbref0035

	Optimization of charging process for electric micromobility devices with real-time operation
	1 Introduction
	2 System and model development
	2.1 Battery thermal model
	2.2 Battery electric model
	2.3 Electric thermal coupling

	3 Fast charging temperature trajectory optimization
	3.1 Problem formulation
	3.2 Dynamic programming optimization strategy design
	3.3 Charging state discretization and policy map

	4 Experiment setup
	5 Results and discussion
	5.1 Battery parameter
	5.2 Model validation
	5.3 Algorithm validation
	5.4 Robustness analysis
	5.4.1 SoC disturbance
	5.4.2 Initial temperature disturbance
	5.4.3 Mixing with SoC and initial temperature disturbances
	5.4.4 Increased internal resistance

	5.5 Real-time runtime analysis
	5.6 Limitations

	6 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgement
	Data availability
	References


