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Abstract

:

Ensuring efficiency and safety is critical when developing charging strategies for lithium-ion batteries. This paper introduces a novel method to optimize fast charging for cylindrical Li-ion NMC 3Ah cells, enhancing both their charging efficiency and thermal safety. Using Model Predictive Control (MPC), this study presents a cost function that estimates the thermal safety boundary of Li-ion batteries, emphasizing the relationship between the temperature gradient and the state of charge (SoC) at different temperatures. The charging control framework combines an equivalent circuit model (ECM) with minimal electro-thermal equations to estimate battery state and temperature. Optimization results indicate that at ambient temperatures, the optimal charging allows the cell’s temperature to self-regulate within a safe operating range, requiring only one additional minute to reach 80% SoC compared to a typical fast-charging protocol (high current profile). Validation through numerical simulations and real experimental data from an NMC 3Ah cylindrical cell demonstrates that the simple approach adheres to the battery’s electrical and thermal limitations during the charging process.
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1. Introduction


Lithium-ion batteries (LiBs) have become a cornerstone of modern technology, and are utilized in devices such as laptops, smartphones, and automobiles [1]. A significant challenge in the battery industry is achieving rapid charging while ensuring safety and minimizing degradation. Lengthy charging times are a major barrier to the widespread adoption of electric vehicles (EVs) [2], highlighting the need for fast charging stations [3]. These stations are essential for providing quick and reliable charging, thereby maximizing battery efficiency. However, charging at high c-rates involves a delicate balance, introducing trade-offs with battery thermal gradients and lifespan [4]. High c-rates accelerate ageing due to increased temperatures, faster growth of the solid–electrolyte interface (SEI) layer, elevated lithium plating, and greater mechanical stresses [5,6,7].



These adverse effects are aggravated when fast charging in extreme temperatures. For instance, at low temperatures, the internal resistance of the battery increases [8], leading to significant power loss [9,10]. Typically, a preconditioning thermal management strategy is integrated into the battery system to enable fast charging [11,12].



Various optimal control algorithms have been proposed to mitigate the negative effects of fast charging. These algorithms address real-time optimal charging problems using methods such as dynamic programming (DP) [13], Pontryagin’s minimum principle (PMP) [14], and Model Predictive Control (MPC) strategies [15,16,17]. However, there is a relative scarcity of studies validating optimal fast-charging control with real-life batteries.



This paper introduces an MPC-based fast-charging controller developed with a straightforward yet high-fidelity electro-thermal model. The numerical solution accurately represents the cell’s electrical and thermal characteristics using minimal equations while incorporating environmental temperature influence. The model underwent validation through fast-charging experiments conducted on an NMC 3Ah cylindrical cell and was subsequently utilized for optimization purposes for comparison.



The structure of this paper is as follows: Section 2 details the experimental setup used for the fast-charging test, while Section 3 outlines the fast-charging results. Section 4 covers the development of the electro-thermal and MPC models. Section 5 presents the optimization results. Finally, the conclusions are provided in Section 6.




2. Experimental Setup


2.1. Battery Feature


The tested batteries were cylindrical VTC6 3Ah 18650-type LiBs (Sony, Beijing, China) with the Li(NiMnCo)1/3O2 cathode and graphite as anode, and the average mass was measured to be 46.6 g. The nominal capacity and voltage of the battery were 3 Ah and 3.7 V, respectively. Moreover, the c-rate noted C in this paper is defined as 1C = 3 A.



The Neware CT-4008 (Neware, Shenzhen, China) (25 mV to 5 V—0.5 mA to 6 A) controlled by the computer was used to cycle the LiBs with the standard charging and discharging current of A, according to the battery specification [18]. A type-K thermocouple was attached to the cell and used to monitor the battery temperature. Figure 1 depicts the fast-charging experimental setup.




2.2. Fast-Charging Profile


The fast-charging profile involves a high charging current of 4C (12 A) until the battery voltage reaches 4.2 V, which is the maximum recommended upper voltage limit [18]. This is followed by a constant voltage (CV) phase, which continues until the cut-off current reaches C/20 (0.15 A). The fast-charging mission profile is designed to emulate a real-world fast-charging scenario using high currents [19,20,21]. The testing procedure includes the following stages to provide a more comprehensive overview:




	
Charging at C/3 from 0% to 10% state of charge (SoC).



	
Charging at 4C from 10% SoC up to the upper cut-off voltage of 4.2 V.



	
Maintaining a CV phase until the charge rate reaches C/20.








Figure 2 depicts the fast-charging profile.





3. Fast-Charging Results


3.1. Ambient Temperature Testing


Figure 3 presents the fast-charging profile of a 3 Ah NMC cell at 25 °C, showing the current, SoC, and temperature over time. Initially, with a low current rate of C/3 (1 A), the SoC gradually reaches 10% in 18 min. When the current rate transitions to 4C (12 A), rapid charging occurs, and the SoC quickly rises to 80% in under 15 min. These results align with current commercial targets and highlight the impressive performance of these cells.



Regarding temperature, the cell remains relatively stable during the 0% to 10% SoC range due to the low current rate. However, when the 4C (12 A) phase starts, the temperature increases to 54 °C. This temperature rise raises important concerns at the battery pack level, emphasizing the need for precise charging strategies to mitigate overheating risks and ensure the battery pack’s safety and long-term operational integrity.



Ultimately, achieving safe fast charging for these cells requires balancing the desired SoC levels with effective temperature management strategies to avoid thermal runaway.




3.2. Extreme Temperature Testing


In Figure 4, the results of the fast-charging test at extreme temperatures (−10 °C, 10 °C, 45 °C, and 60 °C) are presented. The temperature results of the fast-charging test are shown in Figure 5, for which the variation in temperature, ΔT, is displayed in order to compare the tests. ΔT is a way of expressing temperature differences when conducting temperature tests and is calculated by subtracting the current battery temperature from the initial battery temperature. That is to say, it is a good way to compare different temperature tests for which the initial temperature is not the same.



For high-temperature tests, it is evident that 45 °C is the most favorable for fast charging, as the high-current phase lasts longer than at other elevated temperatures. When the temperature decreases to ambient (25 °C), the high-current phase shortens due to the higher resistance compared to that at 45 °C [22].



At 60 °C, the CC phase is shorter than at 45 °C. This may be attributed to increased resistance from accelerated ageing in this environment. The extreme testing conditions at 60 °C lead to a significant rise in resistance, which is linked to the growth of the solid–electrolyte interface (SEI) layer on the graphite negative electrode [23]. Elevated cycling temperatures cause increased lithium plating during cycling, with deposits detected on the graphite electrodes [23]. Consequently, the fast-charging test at 60 °C may have triggered lithium deposition on the anode, increasing internal resistance.



In low-temperature environments, the high current phase is notably impacted. At 10 °C and lower, the CC phase is shorter than at 25 °C due to a higher internal resistance [24]. Specifically, at −10 °C, the current profile initially drops but then shows a short increase as charging continues. This is due to the evolution of resistance: starting high at the beginning of the fast-charging test, it decreases as the cell’s temperature rises, thus lowering resistance and causing the observed current profile [25,26].



Overall, low-temperature conditions are not conducive to fast charging, meaning that twice as much time is needed to charge to 80% in 10 °C conditions. Therefore, a preconditioning thermal management strategy should be developed to optimize fast charging in such environments [11,12].





4. Model Development


4.1. Model Methodology


This paper utilizes a 1D electro-thermal model based on a semi-empirical approach within a MATLAB/Simulink® 2023 interface. The model aims to replicate the cell’s electrical and thermal performance through two primary components: the electrical and thermal modules. The electrical module calculates the SoC using electrical parameters, while the thermal module estimates the cell’s temperature based on the heat generation equation.



The electrical model, depicted in Figure 6 and constructed using the Rint model [27], consists of a voltage source in series with a single resistance. According to the equivalent circuit model, the battery’s output voltage for the Li-ion cell is determined by the voltage drop caused by the battery’s open circuit voltage (OCV) and internal resistance (Rint). The cell’s output voltage is calculated using the formula described in [27]:


    V   c e l l   =   V   o c   −   R   i n t   ·   I   b a t t    



(1)




where Ibatt is the flowing current in the battery (A). Thereafter, the SoC is determined by the Coulomb-counting method and is defined in [26]:


  S o C =   S o C   0   −    1     C   i n i t       ∫    I   b a t t   d t    



(2)




with SoC0 as the initial SoC of the cell. Cinit is defined as the initial capacity (Ah) and it is assumed to be temperature-dependent as well as being influenced by the current. In Equation (1), all the circuit parameters are derived from the manufacturer’s datasheet, resulting in an internal resistance value of 28 mΩ at 25 °C and 44 mΩ/80 mΩ at 10 °C.



The thermal aspect of the model incorporates thermodynamic equations relevant to cylindrical cells. It considers a single temperature point, assuming heat generation at a specific location on the cell’s surface, characterized by a defined heat capacity and mass. Heat is then transferred from the cell’s surface to the surrounding environment. By applying a heat balance equation at this specific surface point, the following thermodynamic equations describe the heat transfer between the surface and the ambient environment [28]:


             d U   c e l l     d t    =   Q   g e n       t   −   Q   l o s s       t   = m · C p ·    d T   d t            Q   g e n   =   R   i n t   ·       I   b a t t       2               Q   l o s s   = Q   c o n v   =   h   c o n v     · S   a r e a   · (   T   c e l l   −   T   a m b   )       ,  



(3)




where Ucell, the internal energy, is the total energy contained by a thermodynamic system (J), Qgen is the generating heating rate (W) in the corresponding element, and Qloss is the heat losses of the corresponding element (W). Cp is the specific heat of the cell (kJ/kg·K) and m is the mass of the cell (kg). The thermal model operates under the following assumptions:




	
The temperature of the cell’s surface, denoted as Tcell, is considered to be uniformly distributed, and as such, it represents the overall temperature of the entire cell.



	
This paper accounts for natural convective heat transfer, characterized by the following parameters: ambient temperature, Tamb, (°C), the heat exchange surface area, Sarea (in m2), and the convective heat transfer coefficient, hconv (W/m2·K).



	
All thermal parameters utilized in this paper are sourced from the cell manufacturer’s datasheet. Consequently, the model employs a specific heat capacity (Cp) of 1006 kJ/kg·K, a mass of 0.046 kg, and an area of 0.004327 m2. Given the use of natural convection, an hconv of 15 W/m2·K is applied [29].









4.2. Model Validation


Figure 7 presents the results of model validation at 25 °C and 10 °C, comparing the measured and estimated SoC and temperature for the cell during the fast-charging phase (4C or 12 A). The data show that the modeled SoC closely matches the SoC obtained from electrical experiments, further validating the electrical modeling and the accuracy of the electrical parameters at both ambient and low temperatures.



In terms of temperature evolution, the model demonstrates remarkable accuracy in predicting the cell’s temperature at both 25 °C and 10 °C, even with the use of a single resistance. The strong correlation between the model’s predictions and the experimental results for both electrical and thermal behaviors underscores the model’s validity. Thus, the electro-thermal model is confirmed as a reliable tool for optimization processes.




4.3. Model Predictive Control


Model Predictive Control (MPC) is an advanced control strategy that is widely used in engineering, economics, and robotics [30,31]. MPC is a dynamic optimization technique that leverages a mathematical model of a system to make informed control decisions. Unlike traditional control methods, MPC operates over a defined prediction horizon, which represents a future time window. During this horizon, the controller predicts the system’s response to various control inputs.



MPC formulates an optimization problem that aims to optimize a cost or objective function over the prediction horizon. This function typically includes terms related to system performance, such as tracking a reference trajectory or minimizing costs, while adhering to constraints. At each time step, MPC solves the optimization problem based on the system’s current state and the prediction horizon. It calculates the optimal control inputs for the horizon but only applies the first input to the system. After applying this control input, MPC advances to the next time step, updates the system state, and repeats the optimization process. This iterative procedure provides continuous feedback control as the system evolves. Figure 8 shows the flowchart of the MPC and the semi-empirical model.



The demand for safe and rapid charging strategies has become increasingly crucial, especially for fast charging [19,31,32,33]. MPC has emerged as a promising and versatile approach to meet this demand, utilizing predictive modeling and real-time optimization for precise control over the charging process.



In this paper, the primary objective of the controller is to minimize battery temperature while maximizing the SoC simultaneously. This is a complex challenge, involving a multi-state, constrained, and nonlinear dynamic optimal control problem. The key states considered are the battery temperature (Tbatt) and SoC, with the charging current (Ibatt) as the control variable.



To address fast charging, the MPC problem is formulated with strict constraints on both battery temperature and SoC. By utilizing the probability distribution of the estimated battery temperature and SoC levels, MPC strategically determines the optimal charging current rate. The goal is to maximize the SoC while effectively regulating the battery temperature within set limits. This complex control challenge is encapsulated in the following cost function:


  J =     ∑  k = 0     N   p   − 1    α ·    1   S o C     N   p        + β ·   T   c e l l       N   p         ,  



(4)




where Np, representing the prediction horizon, is set to 10 (equivalent to 10 s); SoC signifies the charge level at the k-th time step; and α and β represent the weighting factors. The first component of the cost function is dedicated to maximizing the SoC, aligning with our primary objective. The equality constraint of the MPC is stated as follows:


  k = k + 1  x   k + 1   = f ( x   k   ,   u   k   ) ,  



(5)




where x(k) is the state and u(k) is the control input. These are expressed as follows:


  x   k   =         T   c e l l     k         S o C   k         , u   k   =     I   b a t t   ( k )   ,  



(6)








4.4. Problem Description


This section describes the case study for the optimization process. The study is centered on the fast-charging profile discussed in Section 2, specifically using the electro-thermal model designed for the VTC6 3Ah NMC battery.



The control algorithm utilized in this study employs a receding horizon mechanism. Within this framework, optimal control sequences are computed over a prediction horizon, and the initial control input is executed while adhering to predefined constraints. Throughout our study, these constraint values are set as follows:


          T   c e l l , m i n   ≤   T   c e l l   ( k ) ≤   T   c e l l , m a x           S o C   m i n   ≤ S o C ( k ) ≤   S o C   m a x           I   b a t t , m i n   ≤   I   b a t t   ( k ) ≤   I   b a t t , m a x          



(7)




where min and max refer to the minimum and maximum values, respectively.



The temperature and current values in use are in accordance with the cell manufacturer’s recommendations. Regarding the initial SoC, given that during the initial 0% to 10% SoC range, the cell’s temperature is relatively stable, the MPC will focus on optimizing the high-current phase, commencing at 10% SoC. Furthermore, the initial temperature is established at 25 °C, aligning with ambient environmental conditions.





5. Results and Discussion


5.1. Fast-Charging Optimization


Figure 9 depicts the outcomes of MPC application during the high-current phase (4C or 12 A). In this simulation, both weighting factors were assigned a value of one. The red line represents the optimal results, contrasting with the reference values shown by the black line.



The MPC-calculated current trajectory reveals a charging process divided into two phases. Initially, a peak current of 23 A is applied, gradually decreasing to a stable 6.5 A. Due to this variation in the current profile, it takes an additional minute to reach an 80% SoC compared to the reference profile.



Significantly, the optimal charging strategy effectively keeps the cell’s temperature below 45 °C, aligning with the manufacturer’s temperature limit without necessitating an external cooling system. This ability to regulate temperature via the optimal current profile suggests the feasibility of employing a smaller cooling system for this battery pack, potentially reducing weight, mass, and overall costs.




5.2. Optimal Fast-Charging Profile Validation


In this subsection, validation of an optimal fast-charging profile was undertaken through a comprehensive analysis involving computational modeling and experimental testing. The charging profile, optimized using an algorithm, underwent evaluation by comparing the evolutions of SoC and temperature. The results of this validation test are illustrated in Figure 10, juxtaposing practical experiment data from a VTC6 3A NMC cell.



Figure 10 depicts a close alignment between the measured SoC and temperature evolution and the simulated values. This successful validation against real-world experimental data underlines that the profile is not merely a theoretical concept derived from a simplified battery model but highlights its practical potential for optimizing fast-charging strategies for LiBs.




5.3. Effect of the Current Limit


In the previous section, the MPC’s maximum current limit was initially set to the manufacturer’s recommended 10C, corresponding to 30 A. However, due to typical operational conditions within the battery pack application, which seldom exceed 4C, a new MPC simulation was conducted using a maximum current limit of 4C (12 A), maintaining consistent weighting factors.



Figure 11 presents the outcomes of the MPC simulation with the 4C current limit. The optimized charging profile exhibits a three-phase pattern. Initially, a 4C (12 A) charging rate is applied for 3 min, followed by a reduction to 6.5 A to ensure the cell’s temperature remains below 45 °C. After 15 min, the current gradually decreases further. Despite extending the charging duration by more than 1 min and 30 s compared to the reference profile, this approach successfully maintains the cell’s thermal gradient within a safe range.



In the end, while the temperature remains below the critical 45 °C threshold, it is essential to conduct a comprehensive lifetime study to assess the long-term viability of this optimized charging strategy.




5.4. Effect of the Low-Temperature Environment


In the previous section, the MPC algorithm was configured for an ambient temperature of 25 °C. This section simulates the algorithm under cold temperature conditions, with both the initial cell temperature and ambient temperature set to 10 °C. The maximum allowable battery temperature is capped at 30 °C to ensure optimal battery performance, and the current limit is set to 12 A, reflecting the power limitations of battery systems operating in low-temperature environments [34]. Given the energy constraints imposed by cold temperatures, the algorithm prioritizes achieving the highest possible SoC while maintaining a safe temperature range.



Figure 12 illustrates the results obtained under low-temperature conditions. The optimized charging profile displays a three-phase charging pattern. Initially, a 4C (12 A) charging rate is applied for 4–5 min, followed by current oscillations between 5 A and 10 A to maintain the cell temperature at 30 °C. This section of the optimal current profile identified by the MPC alternates every second with an amplitude of 5 A. This high-frequency current switching is intended to maintain the cell’s temperature within a safe range while maximizing the SoC. However, this profile must be tested on a single cell to evaluate its feasibility.



Charging at a high frequency at low temperatures is a promising preconditioning method that helps to manage the thermal gradient more effectively, with a faster temperature rise, and ensures a more uniform temperature distribution within the cell [35,36,37]. This can enhance the overall performance and longevity of the battery by counting on the internal resistance of the cell to provoke self-heat generation [12]. Moreover, rapid switching can help mitigate lithium plating, which is more likely to occur at low temperatures and high current rates, thereby improving the safety and durability of the battery [38].



After 12 min, the current gradually decreases. This approach maintains the cell within an optimal temperature range while achieving an almost 80% SoC after 15 min, which was not feasible with the reference profile. By prioritizing maximum SoC, the MPC algorithm proposes a profile where the cell’s temperature is optimized at 30 °C, maximizing its capacity under these conditions.





6. Conclusions


This paper represents a significant advancement in optimizing fast-charging strategies for Li-ion batteries (LiBs) using MPC, emphasizing the delicate balance between SoC management and thermal safety. Initially, an NMC battery model was developed and rigorously validated using a single-resistance framework, demonstrating the efficacy of this simplified modeling approach.



Building from this model, a customized MPC system tailored for fast-charging applications was conceptualized and implemented. The results illustrate an optimized charging profile that enhances thermal performance with minimal compromise—extending the charging duration by just one minute compared to typical fast-charging profiles.



Crucially, the study shows that this optimized profile not only enables rapid charging but also maintains the cell temperature within the recommended 45 °C threshold. Moreover, in cold environments, the algorithm identified a current profile that kept the cell within an optimal temperature range, achieving nearly 80% SoC in 15 min, whereas the reference profile only reached 70% within the same timeframe.



This advancement has the potential to reduce the need for elaborate cooling/heating systems, offering significant savings in costs, weight, and volume in battery pack design. Future research will focus on the ageing aspect of the cells. Extensive lifetime studies will be conducted to assess the long-term impact of fast-charging strategies on cell durability and the impact on the optimal fast-charging profile. Moreover, efforts will be dedicated to studying the discharging effect and comparing the effectiveness of the methodology.



Further enhancements in battery modeling methodologies, potentially incorporating additional electrical parameters such as an RC loop, are also planned. Extreme temperature simulations of the model and MPC are also intended to expand the model’s capability. Ultimately, the goal is to scale up these findings to broader battery modules, aligning the research with practical applications in real-world scenarios.
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Figure 1. Schematic of the experimental setup used for testing the VTC6 NMC/G 3Ah. 
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Figure 2. Fast-charging profile. 
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Figure 3. Fast-charging results of the NMC VTC6 3Ah cell. 
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Figure 4. (Top): Fast-charging results of the NMC VTC6 3Ah cell at high temperatures (45 °C & 60 °C). (Bottom): Fast-charging results of the NMC VTC6 3Ah cell at low temperatures (−10 °C & 10 °C). 
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Figure 5. Temperature variation of the fast-charging test. 
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Figure 6. The Rint electrical model [27]. 
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Figure 7. Validation of the electrical and thermal model at 25 °C (left-hand side) and 10 °C (right-hand side). 
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Figure 8. MPC flowchart. 
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Figure 9. MPC results of the high-current phase. 
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Figure 10. Optimal fast-charging profile validation. 
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Figure 11. MPC results of the optimal high-current phase using a current limit of 12 A. 
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Figure 12. MPC results of the optimal high-current phase at 10 °C. 






Figure 12. MPC results of the optimal high-current phase at 10 °C.



[image: Wevj 15 00330 g012]













	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file13.jpg
8

SoC (%)
8

Time (min) ‘Time (min)
o L3 10 15 » ol o .l
[——30C exp 25°C’ [——SoC exp 10°C’
F-secamasc E - secmtoe
—reerg — Tomp ex0 10°C
E—tempsmas'e = Tomp sim 10°C
=] &
/ €
m
4 4
5
£
b g 0 s 0 e e
Time (min) Time (min)






media/file4.png
CVI

High c-rate (4Cﬂ

0.3C

(V)3

T — T
uang

Time (min)





media/file18.png
26.0

19.5

13.0

| opti (A)

o
o

57.0

T Opti (°C)
8 A
(@) (@)

)
0
o

100 |

75

50

SoC opti (%)

25

Time (min)

0 5 10 15
loptii
‘\ | ref

\

\

N\

™~

—— T opti|
T ref

4

SoC optli
SoC ref

/V

-

S} 10

Time (min)

15

| 80%





media/file21.jpg
16

1 opti (A)
®

a
@
PN

T Opti (°C)
g B
s &

N
©
5

100

SoC opti (%)
g 3

N
o

0 5

Time (min)

10

| opti
[—— I ref

|
—— T Opti
—— T ref

L L

Time (min)

15

80%





media/file3.jpg
Current (A)

|High c-rate (4C)|

Time (min)






media/file22.png
| opti (A)

—_
(0))

N
N

59.4

T Opti (°C)
w

SoC opti (%)

©
o

0 5

Time (min)

10

15

| opti

| ref

(00

— T Opti
T ref

/

SoC 6pti
SoC ref

-

0 5

Time (min)

| 80%





media/file19.jpg
SoC opti (%)

©
38

®
3
!

~
S
!

Y
3
!

@
3
!

IS
3
L

@
8
!

204

104

50

6 8
Time (min)

10 12 14

45

[—— Simulated
— — Measured

T T

6 8
Time (min)

T T T

10 12 14






media/file7.jpg
Gt )

]
—asc
—eoc

Time (i)






media/file10.png
|

e ™\
e A \
/ 2R\
// \ \ \\ \
/V N\ N
L NN\§

SoC (%)

0 10 20 30 40 50 60 70 80 90 100 110






media/file14.png
Time (min) Time (min)
0 5 10 15 0 5 10 15

Temperature (°C)

80 -
SoC exp 25°C i SoC exp 10°C
go [=_—S0C sim25°C | — — SoC int10°C /
[ / 60
60 " <
O 40+
(@]
n
20 |
0} i
60 L | : L L 40 L | | L |
Temp exp 25°C Temp exp 10°C
— —Tempsim25°C — — Temp sim 10°C
~ e
50 S~ 530 —
J .
h
7 ' o
40 gzo - <
(O]
o
=
(O]
30 | 10 F
L | 1 L 0 | L | L |
0 5 10 15 0 5 10 15

Time (min) Time (min)





media/file11.jpg





media/file6.png
SoC (%)

0

Time (min)

5 10 15 20 25 30 35 40 45

Current\ [

Current (A)

SoC }

Y

i/
s

80%

P P
Temperature|

an
o

AN

Temperature (°C)
w N
o o
|

N
o

N

~

|
a

0

5 10

P I R R I
15 20 25 30 35 40 45

Time (min)





media/file15.jpg
Fprediction
I horizon (p)

State

Cost function
—

Reference
Trajectory
phic i 8






nav.xhtml


  wevj-15-00330


  
    		
      wevj-15-00330
    


  




  





media/file16.png
rPre-dicFon_ -
| horizon (p)
State
e

Reference
Trajectory
B —

|

|

|

| Cost function
—_—

|

|

|






media/file2.png
g_

Controlcomputer

ﬁm ol "...! ’a

Il nm I"II:: !
Neware CT- 4008
5V/15A

Voltage sensor
Cha/ dch current control

/ Climatic \

chamber

MHW-200

Surface temp

[ VTC 3Ah 18650 ]

N /






media/file20.png
90

80 4

70

SoC opti
-SoC

SoC opti (%)

50

N —

6

45

) b

oM AmE

1N
o

T Opti (°C)
X

w
o

—— Simulated
— — Measured

25

N

6
Time (min)






media/file23.jpg
| opti (A)

)
S
)

N

IN
2

T Opti (°C)

o
=)

2
3

a

SoC opti (%)
5

N
<

Time (min)

o 5 10 15
i T I I |——1 opti
1—I ref
- I T I 7
——T Opti
[——T ref 4
L L +
—=S0Gopti| — - | = — —80%
SoC ref q
L L - L

0 5 10 15
Time (min)





media/file5.jpg
SoC (%)

-5 0 5

Time (min)
10 15 20 25 30 35 40

45

[—— Current|

Current (A)
NS

o
T

N A O @ O
S S5 3 3 3

@
So

80%

50

@
S
T

—— Temperature]

o
e
=
5407
151
o
=
©
g

n
, S
o
e
o

10 15 20 25 30 35 40
Time (min)

45





media/file24.png
12

Time (min)

Time (min)

0 5 10 15
| opti
| ref
— T Opti
Tref | ____
\\\
/ -
Sobopti______ I
SoC ref ////- i
”
0 5 10 15

80%





media/file1.jpg
Climatic
chamber
MHW-200






media/file12.png
®






media/file9.jpg
3
304 [— 25degC "
—— 45degC
2