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Abstract

This study aims at developing an optimization framework for electric vehicle charging by considering different trade-offs
between battery degradation and charging time. For the first time, the application of practical limitations on charging and
cooling power is considered along with more detailed health models. Lithium iron phosphate battery is used as a case study
to demonstrate the effectiveness of the proposed optimization framework. A coupled electro-thermal equivalent circuit model
is used along with two battery health models to mathematically obtain optimal charging current profiles by considering stress
factors of state-of-charge, charging rate, temperature and time. The optimization results demonstrate an improvement over
the benchmark constant current—constant voltage (CCCV) charging protocol when considering both the charging time and
battery health. A main difference between the optimal and the CCCV charging protocols is found to be an additional ability
to apply constraints and adapt to initial conditions in the proposed optimal charging protocol. In a case study, for example,
the ‘optimal time’ charging is found to take 12 min while the ‘optimal health’ charging profile suggests around 100 min
for charging the battery from 25 to 75% state-of-charge. Any other trade-off between those two extreme cases is achievable
using the proposed charging protocol as well.

Keywords Charging optimization - Battery degradation - Electro-thermal equivalent circuit model - Electric vehicles -
Lithium iron phosphate

Abbreviations 1 Introduction
CcC Constant current
CCCV Constant current—constant voltage Electric vehicles (EVs) offer large benefits over gasoline

Ccv Constant voltage and diesel vehicles in terms of sustainability and reducing
DoD Depth of discharge emissions. One of the biggest problems facing EVs is the
ECM  Equivalent circuit model charging time, which might discourage consumers from
EV Electric vehicle purchasing them [1]. Recent advances in charging time
LFP Lithium Iron Phosphate reduction include using direct current (DC) fast charging
NMC  Nickel Manganese Cobalt points thereby introducing the potential for battery loss and
SEI Solid electrolytic interphase safety concerns [2, 3]. There is a need for the development
SoC State of charge of EV charging algorithms, as some fast charging algorithms
SoH State of health are considered ‘sub-optimal’ for charging efficiency, time,

Academic Editor: Lei Zhang

< Abbas Fotouhi
a.fotouhi @cranfield.ac.uk

Advanced Vehicle Engineering Centre, Cranfield University,

College Road, Cranfield MK43 OAL, UK

Published online: 30 May 2023

and battery health [4-7]. This is further emphasized by the
increased battery degradation due to the higher C-rates and
ambient temperature factors [3].

Lithium-ion (Li-ion) batteries are a popular choice for
EVs, due to their high voltage with good power and energy
density [1, 8]. In particular, lithium iron phosphate LiFePO,
(LFP), LiNiCoAlO, (NCA) and Li(NiMnCo)O, (NMC)
batteries are some of the most promising candidates due
to their chemical and thermal stability, as well as low cost
[9-12]. Heat generation in Li-ion batteries is characterized

@ Springer


https://extranet.cranfield.ac.uk/,DanaInfo=orcid.org+0000-0002-5402-8629
https://extranet.cranfield.ac.uk/dialog/,DanaInfo=crossmark.crossref.org+?doi=10.1007/s42154-023-00221-8&domain=pdf

S. Appleton, A. Fotouhi

by considering the electrochemical reactions (reversible)
and the low chemical reaction rates or poor transport prop-
erties (irreversible) losses [13]. Irreversible side reactions
cause battery aging, which is accelerated at elevated tem-
peratures. As cells age, their available capacity decreases
and their battery model parameters change. Irreversible
heat generation is dominant at higher C-rates, while revers-
ible heat generation dominates at low C-rates [3, 8, 14, 15].
Temperature regulation of Li-ion batteries is important for
health, safety, and efficiency of the battery [3]. Cell materi-
als or high local current densities result in cell-level (greater
core compared to surface temperatures) and pack-level heat
dissipation irregularities, leading to varying cell-level degra-
dation rates [3, 13]. Increased reaction rates with increasing
temperature lead to a cascading effect at high temperatures
known as thermal runaway, causing potential safety hazards
in the form of fire and increased battery capacity loss [8, 14].
An outline of the Li-ion battery degradation mechanisms
is presented in Refs. [3, 16]. Solid electrolytic interphase
(SEI) growth is an irreversible reaction and the main degra-
dation mechanism under most cycling conditions for Li-ion
cells, including LFP and NMC [3, 11]. Reactions between
the electrolyte and the anode form dendrite growths on the
anode’s surface, thereby irreversibly removing active elec-
trolyte and causing capacity and power fade [3, 17]. The
SEI growth is accelerated at high temperatures, high state-
of-charge (SoC), high depth-of-discharge (DoD), and high
C-rates [3, 16, 18, 19]. SEI growth can lead to dendritic
growth, especially at low temperatures and subsequent short-
circuiting, which might lead to excessive heat generation
and increased battery degradation [3]. Cell overpotential,
caused at high C-rate or low temperatures, increases the rate
of irreversible reactions and thus reduces battery health and
safety [3, 14, 15, 20]. The operating range of a battery is
given by the cell manufacturer, recommending safe charg-
ing temperatures to ensure long life as well as regulatory
requirements of overcharging boundaries [8].

Various battery modelling techniques exist in the litera-
ture including electrochemical models, stochastic models
and equivalent circuit models (ECMs) [14, 21]. Electro-
chemical models such as single particle models are the most
accurate, easily incorporating health and thermal effects [3,
7]. ECMs are robust, simple and much less computation-
ally demanding [7, 22, 23], leading to their use in real-time
applications like battery management system (BMS). The
most common ECM consists of multiple parallel resistor
and capacitor circuits (RC circuits) in series with the bat-
tery and internal resistance [5]. Higher-order models have
increased the number of RC circuits, sacrificing computa-
tional power for higher accuracy [24]. A second-order ECM
was suggested to offer the best compromise between model
fidelity and computational time [25, 26]. The ECM param-
eters are dependent on SoC, State-of-Health (SoH), internal
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temperature and current direction with a variety of models
available in Refs. [27-31].

Thermal modelling of batteries utilizes either 1-D lumped
parameter techniques [25, 28, 32], 2D/3D multi-node heat
transfer models [33], or finite element heat transfer and gen-
eration models [34]. The finite element models present the
highest accuracy but with the highest computational cost. A
dual heat capacity 1D model of a cell provides reasonable
fidelity for a cylindrical cell while offering good computa-
tional efficiency. However, the core temperature is difficult
to obtain in real-time applications [1, 32]. The cooling type
affects heat rejection with conductive coolant being more
effective than air cooling [35].

The variety of degradation mechanisms makes modelling
of battery health difficult. Data-driven degradation models
are useful for real-time SoH estimation [36]. Considering
SEI as the main degradation mechanism in Li-ion batter-
ies, SoH can be modelled through semi-empirical equations,
dividing the changes into time (calendar) and Ah through-
put (cyclic) effects where the latter suggested as the main
contributor to health loss [37, 38]. The existing degradation
models in literature consider a wide range of stress factors
including temperature, SoC, DoD and C-rate on the health
of different Li-ion battery types such as LFP and NMC [11,
39-46].

Battery charging protocols are divided into three main
groups: (i) model-free algorithms such as constant voltage
(CV), constant current (CC), constant current—constant volt-
age (CCCV) and pulse methods [3, 7, 47], (ii) empirical
models which utilize ECMs to characterize batteries and
closely control the charging constraints [7], and (iii) electro-
chemical algorithms which utilize full electrochemical mod-
els to control the charging current. Model-free algorithms,
in particular CCCV, are widely used techniques due to their
simplicity [3, 5-7, 48, 49]. The CCCV protocol applies CC
initially, switching to CV when the cut-off voltage is reached
avoiding overcharging and poor charging times associated
with the CC and CV charging methods, respectively [6, 47].
Multiple-stage CCCV is suggested to be faster at the expense
of characterization cost and time [3, 50]. By not considering
the battery health, the model-free algorithms can shorten
the battery lifespan, thereby offering opportunities for their
improvement through optimization [3, 7, 27, 49-52].

Various techniques have been applied to optimize a bat-
tery charging protocol in literature including model predic-
tive control (MPC) [4, 22], dynamic programming [5, 50],
min-max [53] and Legendre—Gauss—Radau (LGR) pseudo-
spectral methods [1, 30]. MPC is popular because of its
robustness, ability to deal with nonlinearity and simplicity
to implement constraints [27, 32]. Dynamic programming
requires a large amount of data, which makes it less feasible
in a BMS. Although the LGR methods sometimes fail to
converge, they can provide a locally optimal solution in a
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relatively short time interval [7]. In a battery charging opti-
mization problem, the cost function should balance charg-
ing time and battery health [1, 32]. Restricting SoH can be
implemented by defining an SoH function [1, 11, 42], or by
constraining core temperature as low as possible [27, 32,
53]. In general, a battery charging cost function is given by
Eq. (1), where t;, SoH; and SoH,, are the final time, final SoH
and initial SoH.

J=p -t;+ (1 = p)-(SoH; — SoH,) (1)

The parameter f offers a balance between charging as
fast as possible and incurring the least damage [1, 32]. The
optimal trade-off can be visualized through a Pareto frontier
graph, demonstrating key parameters like charging time and
battery SoH. Constraints need to be applied to ensure safe
operation of the battery as discussed in Ref. [27]. Factors,
such as limited charging power and limited cooling power,
need to be considered in practical applications too.

This study aims at developing an optimization framework
for EV charging by considering different trade-offs between
battery degradation and charging time. An LFP battery is
used as a case study to demonstrate the effectiveness of the
proposed optimization framework. The work presented here
is, to the authors’ knowledge, novel to existing literature [37,
52] by utilizing more detailed health models with the addi-
tion of practical limitations of charging and cooling power to
demonstrate their effects on the optimized charging profile.
This manuscript is organized as follows: In Sect. 2, all simu-
lation models are explained. Battery charging optimization
framework is introduced in Sect. 3. The optimization results
are then discussed in Sect. 4, and conclusions are presented
in Sect. 5.

2 Simulation Models

2.1 Electro-Thermal Equivalent Circuit Battery
Model

A second-order equivalent circuit model (ECM) coupled
with a thermal model of a cylindrical cell is used in this
study, as shown in Fig. 1. The model’s parameters are
assumed to be dependent on temperature, SoC and current
direction as discussed in Refs. [25, 28, 29]. A separate bat-
tery health model is discussed in Sect. 2.2.

The SoC equation is modelled by Eq. (2) using the cou-
lomb counting method [14], where i(?) is the current (i.e.,
assumed to be negative for charging), z is SoC and Cy,,
is the battery capacity (with a value of 2.3 A - h). Using
Kirchhoft’s second law, the terminal voltage is modelled
using Eq. (3), where V is the terminal voltage, V_ is the

Fig. 1 Battery electro-thermal model: a second-order ECM and b
thermal model of a cylindrical cell

open circuit voltage, V is the voltage of the series resist-
ance R, and V| and V, are the voltages of their respective
RC circuits. Using Kirchhoff’s first law, the RC circuit
equations, Eqgs. (4) and (5), are derived from Ref. [32],
where the electrical parameter R, represents the respec-
tive resistances, and C,, represents the respective capaci-
tances. The voltage drop across the series resistor is given
by Eq. (6), where R, is the series resistance.

: i1
1) = —

(1) Co 2)
V(t) = Vo (2() + V() + Vo () + V(D) 3)
L oo Vi i@

Vl(t) - Relcel Cel (4)
Lo W0 i

V2(t) B ReZ Ce2 CeZ (5)
Vy(t) = =Ry - i(1) (6)

A two-stage thermal model is used, which consists of
core (7,) and surface (7,) temperatures [1]. The rate of
change of the surface and core temperatures are given by
Egs. (7) and (8), respectively, where T} is the ambient tem-
perature; R, and R, are the convective and conductive heat
resistances, respectively, and C, and C, are the core and
surface heat capacities, respectively. The heat capacities of
the cell relate to the materials used and the mass, while the
heat resistances depend on the material, shape, and surface
area for heat extraction. The irreversible heat loss, which is
considered to constitute the majority of the cell heat gen-
eration [1, 32], is modelled using Eq. (9), where Q) is the
heat generated. For higher fidelity, reversible heat losses
can be included in the model as well [25, 54]. A common
assumption in Refs. [1, 32] is to consider a 100% efficient
coolant circuit, thereby allowing for the fluid temperature
to remain constant. This could be extended by including
a coolant temperature state, affected by the heat rejected

@ Springer



S. Appleton, A. Fotouhi

by the surface. A further extension could include a heat
exchanger to dissipate the fluid heat.

Tf - Ts(t) _ Ts(t) - Tc(l)

TS (t) B Rtu Cts R[C C[S (7)
. TLO-T.)  Ow@®

TC(I) B RICCtC CIC (8)
On(1) = —i(1) - | Voo (2(0) = V(®)] )

A study was carried out to determine the necessity of the
thermal model, showing a negligible difference both in the
difference in predicted SoH and the difference in optimized
profile. Therefore, the temperature model could be excluded
if simulation time was to be further traded off. However, one
clear benefit to having the thermal model is to analyze the
effects of thermal limitations on the batteries than what other-
wise would be possible.

Numerical values of the model’s parameters, V., R.o, R,
C.1» R, and C,, are tuned for a 2.3 Ah Lithium Iron Phosphate
(LFP) cell with a graphite anode from the literature [28, 29].
These were modelled through Egs. (10)—(13), where n = 1,2
and T, denotes the average cell temperature, described by
Eq. (14). The thermal model’s parameters were taken from an
air-cooled cylindrical cell in Ref. [1], validated in Ref. [25],
and are presented in Table 1.

“Woe—6

Voe = 7,1 €XP (=1v, 2+ 2) + 1y, 3 T 1y, a2ty se 1=

S 85 kW:h configuration [55], with 74 cells in parallel and
96 in series. Equations (15) and (16) are used to model the
power constraints, where N, is the number of cells, P,

cool is
the cooling power and P, is the charging power of the

charging
battery pack.
Py =2 Tiun
cool — Ru cell (1 5)
Pcharging = —i(f) X Ncell 4 (16)

2.2 Battery Health Model

Two models, developed by Wang et al. [11] and Naumann
et al. [19, 42], are considered for battery health estimation
of the LFP cell in this study. Both models consider cylindri-
cal LFP/C cells of 2.1 and 3 A - h. A capacity loss of greater
than 20% is considered as the battery end of life (EoL) [1].
The health model, proposed by Wang et al., considers only
losses during charging as shown by Eq. (17) with capacity
loss (AQ,, in %), activation energy (E, inJ - mol™"), core tem-
perature (7, in K) and parameters ¢, M. This is then transposed
according to the EoL definition [1] as stated in Eq. (18). A ¢
value of 0.5 is suggested to indicate SEI growth [11, 37, 56],
and the universal gas constant R is set equal to 8.314 J - mol ™ -
K~'[19, 57]. The values of parameter M as a function of C-rate
(¢), are shown in Table 2, while E, is calculated using Eq. (21).
The total discharge throughput (4, in Ah) is converted to the
number of cycles by dividing it by the cell’s capacity as stated

1
(10) in Eq. (19). This is then doubled to get the total throughput
YR,—2 rather than just charging, to be used in SoH calculation. By
Reo = Yr,-1€XP T, —7r_3 an only considering the losses during charging, calendar effects
’ outside the charging cycle are ignored; however, the calendar
effects during the charging cycle are included in the model.
YR —4
R,.=(Ypo1+7r—n 2+7r_32) exp| ——— —E,(c)
en ( R,—1 R,—2 R,-3 ) Tm _ YR”—S AQIOSS — M(C) - exp R T . A(C)g (17)
(12) ‘
Con=VYc_1+7c—2 2+Vc 3 C+(Yea+Vc—s 2+7c-67)Tm n=12 (13)
T,+T, 1
where T, =——— (14) ¢
2 20
Agc,T) = (18)

The battery pack constraints are applied, through limits in
the optimal control software, according to the Tesla Model

Table 1 LFP cell thermal model’s parameters [1]

R, (K-W™) R, (K-W™ C.(J-K™ C,(J-K™

1.94 3.08 62.7 4.5
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M(c) - exp (_RLT(C)>

Table 2 Values of parameter M at different C-rates [11]

C-rate (h™") 05 2 6 10

M 31,630 21,681 12,934 15,512
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3600 - A (c, T)

N, T)= ——2> ">~ 19
Cbal ( )
, li(0)|
SoH= ————2
2N(c,T,) - Coy (20)
E, =31700 - 370.3 x c 21

The Naumann battery health model, on the other hand,
includes more details [19, 42]. The capacity loss (Q), in %)
is given by Egs. (22) and (23), in terms of calendar (Qlc(jis)
and cycle losses (0} ). Subsequently, the factors affecting the
cycle life, Eq. (24), are the number of equivalent full cycles
(N, C-rate (c) and DoD, while the calendar life, Eq. (25), is
affected by time (), temperature (7) and SoC (z). The number
of full cycles is determined using integrated current, shown
by Eq. (26). The relevant parameters are given in Table 3. As
the actual DoD of the cycle is likely to be unknown, thus it is
assumed to be equal to 1.

SoH =1 — Qios (22)

tol
__ Cye 1
Qloss - Qloss + Qlccilss (23)

0% = (acy - ¢+ agy)-(@pep; - (DoD —0.6)* + @popo) (Nfun)gCyc

loss

24)
Qcal =((x (z—05)2+a )‘a ex _ﬂ 1_1 - ()bl
loss SoCl - SoCO Tref €XP R\T T,
(25)
J li(®)|dt
Ny = C— (26)
bat

To provide time derivative of the capacity losses, each
of the equations is differentiated with respect to the time,
shown by Eqgs. (27) and (28). To determine the current
equivalent full cycle and the equivalent aging time, Eqs.
(29) and (30) are employed [37].

Table 3 Battery health model’s parameters [19, 42]

Parameter Value Parameter Value

acy 0.0630 Asoci 2.8575

Aco 0.0971 Asoci 0.60225

Apop1 4.0253 Qrep 0.0012571

Apopo 1.0923 E, 17.126 kJ-mol ™!
Zoye 0.5 R 8.314 J-mol ' kg ™!
Zeal 0.5 Tt 298.15 K

o,
dtu = Lo (soc1(z = 0.5)% + soc0)
(27)
Ea 1 1 Ccal_l
* Qe €XP _E ? - E ) (teq)
CyC I
loss
- (@pepy - (DOD = 0.6 + apopy) - (Npuy )™
e
N.. = (1 — SoH) x 20 Tove
full (thl -C+ aCO) . (aDoDl . (DOD _ 06)3 + aDQDQ)
(29
fhy = (1 — SoH) % 20 30)

2 E (1 _ 1
@goc1(2 = 0.5)7 + trgocp * Arrer SXP (—7(; - T_m))

The effects of temperature and C-rate on battery life are
visualized in Fig. 2. For the Naumann model, the plot is pre-
sented for a case in which SoC=1 and DoD=1. According
to Fig. 2, the number of cycles decreases as the temperature
increases in both models, which is in line with the suggested
increase in SEI growth at higher temperatures. Both models
show a trend that at high and very low C-rates, more degra-
dation occurs [18, 37, 42, 58]. However, the optimal peak
band in the Wang model is wider, at a C-rate between 2 and
4, while the peak of the Naumann model appears at 0.5C. It
is additionally observed that the C-rate peak becomes less
prominent and shifts to a slightly higher C-rate at higher
temperatures. The Naumann model demonstrates less tem-
perature dependence, showing a reduced drop in the number
of cycles at higher temperatures. The number of cycles of
the Naumann model is similar to that of Ref. [17] where

3.5
3.0
0 2.5
<
S
o 20
<
2 I Naumann 2020
T 15 Wang 2011
E
a
7

30

Temperature [°C] 0 0

Fig.2 The effect of temperature and C-rate on the number of cycles
to battery failure
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the same stress factors have been modelled. According to
Ref. [17], the number of cycles rarely reaches over 10,000
full cycles, and by keeping the C-rate below 2C, it is almost
guaranteed to achieve 5,000 full cycles.

The effects of changing SoC and temperature on calendar
life in the Naumann model are shown in Fig. 3, by con-
sidering a C-rate of 0. According to Fig. 3, an increased
degradation rate occurs at higher SoCs, and a significant
improvement in cell’s life is observed at mid SoCs and
temperatures. The trend exhibited by the SoC is due to an
increased amount of SEI formation as discussed in Refs.
[9, 19].

3 Battery Charging Optimization

A nonlinear optimization software, called Imperial College
London Optimal Control Software (ICLOCS2) [59], is used
in this study for battery charging optimization. This was com-
bined with an interior points-based solver IPOPT, taken from
the OPTT toolbox [60]. That produces fast solutions for largely
nonlinear models under constraints, however, care must be
taken to ensure the global minima are reached. The IPOPT
solver discretizes the model over the entire solution time.
Then, a local mesh refinement is used along with an auto-
matic aggressive refinement strategy. Mesh size is determined
with the aim of reducing the optimization error. The avail-
able transcription methods in the software are as follows: (i)
direct collocation method and (ii) integral residual minimiza-
tion method. The direct collocation method uses a piecewise
linear control for the input and state trajectories [61]. This
however does not enforce system dynamics between colloca-
tion points, and therefore, there is no guarantee of constraint

30

25

120

10 15 20 25 30 35 40
Temperature (°C)

Fig.3 The effects of SoC and temperature on battery calendar life in
the Naumann 2020 model
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satisfaction between the points. On the other hand, the integral
residual minimization method minimizes the residual error of
the system dynamics, integrated over the whole solution tra-
jectory. Thus, the integral residual minimization method is
more accurate, even at coarse mesh sizes, but at the expense
of computational time [62].

The available direct collocation methods include Euler,
trapezoidal and Hermite-Simpson, as well as higher-order
Legendre—Gauss—Radau methods [62]. The main difference
between the methods is the state and input trajectory cal-
culations with an estimation of the input trajectory always
one polynomial order below the state trajectory. The Euler
method considers constant input between mesh points
whereas the trapezoidal and Hermite-Simpson methods
assume linear and quadratic approximations, respectively.
The LGR method, on the other hand, uses higher-order
dynamics and subsequently one order higher for its states.
In this study, the trapezoidal direct collocation method is
used because of its computational efficiency and the recom-
mended local absolute error [63].

Two different cost functions are defined and compared by
considering the battery health and temperature. The health
function, by directly considering the SoH value, allows for
the lowest degradation to be achieved [1]. The temperature
cost, made possible by the effect of temperature on SoH, aims
at the minimization of the temperature itself. That minimizes
the C-rate due to correlation between the C-rate and heat
generation [32]. It might deem the SoH model unnecessary,
thereby simplifying the solution. The health and temperature
cost functions are formulated in Eqgs. (31) and (32) with a time
objective as well as objectives of change in SoH and average
rise in temperature. The temperature rise is normalized by the
ambient temperature. The A and A parameters are used to
ensure the objectives are of the same order of magnitude and
evenly distribute the Pareto, while the f parameter is used to
control the relative objective weightings. By changing the f
value between 1 and 0, a Pareto of the cost function can be
created, allowing identification of the optimal balance between
the two objectives. The 1 parameters for each of the health
models are given in Table 4.

Jheattn = B+t + (1 = B) - Ay - (SoH, — SOHf) 3D

Joo =f-ti+(1—=p)- A (T°_Tf>T <T°_Tf>
temp f T Tf Tf

(32)

A maximum pack cooling power of 2—15 kW is used in
Ref. [13] when investigating the heat loss effect on Li-ion
cells. That is higher than the range of 1-5 kW, which is
used in common vehicles [13, 64]. The difficulty in cooling
is further emphasized by low vehicle speed and hence low
heat exchanger effectiveness at low air velocities. Methods
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Table 4 Cost function parameters of the health models

Parameter Wang 2011 Naumann 2020
At le3 le3
An le8 2e7

Table 5 Charging optimization constraints

Parameter Source Minimum value Maximum Value
V(V) [32] 2 3.6

i(A) [1] 345 —345

T, (°O) [32] 10 40

z [32] 0.1 -0.95

P (kW) [2] 0 150

P (KW) [13] 0 5

such as cooling integrated within chargers are suggested in
Ref. [13]; however, challenges with these methods still exist.
Current common fast chargers use 50 kW; however, chargers
with higher power capacities are slowly being introduced as
vehicles can withstand them, such as 120, 150 and 350 kW
chargers [3]. The trend is to increase the charging power
capacity of vehicles using higher voltage battery systems,
thereby reducing the resistive heating effects and charging
time [2, 3]. The current charging power and cooling power
constraints prevent excessive stress on other system compo-
nents such as converters, cables and the cooling system [32].
SoC, temperature and voltage constraints prevent accelerated
SEI growth and hence degradation from overpotential and
overcharging as well as safety from thermal runaway [1, 32].

In this study, the voltage and power constraints are
applied through path constraints in the optimization soft-
ware. The constraints are applied in accordance with those
used in Ref. [1] as stated in Table 5. As a typical case study
in Ref. [1], the charging process is considered from 25% to
75% SoC. In addition, the ambient temperature is assumed
constant at 25 °C, with the initial states of the cell given in
Table 6. If the charging time is unrestricted, the maximum
final time is set to 2 h, whereas the minimum time is set to
10 s. In addition, the ambient temperature is changed with
the initial temperatures to study the effect of climate on the
optimal charging solutions. Using the proposed framework,
the computational requirements of the solution are not
excessive. It takes around 20 s to find a solution using a PC
with 8 Gb of RAM and an AMD Ryzen 4700 CPU, which

offers the possibility for real-time implementation at charge
stations too.

4 Results and Discussions
4.1 The Effect of Different Cost Functions

In this section, the effect of different cost functions, which
were introduced in Eqs. (31) and (32), are analyzed. The
Pareto functions, calculated by varying the parameter fj,
are shown in Fig. 4 for the Wang and Naumann models,
respectively. These demonstrate the trade-off between the
charging time and the change in battery SoH. The minimal
damage for both cost functions when using the Wang model
occurs at around 7= 16.0 min whereas using the Naumann
model, the time of minimum damage for the optimal tem-
perature is slightly faster than that of the optimal health. It
is noted that the optimal-temperature charging strategy has
increased damage using both models. In fact, to achieve the
same charging time, the § value will be greater than 0, unlike
the optimal health scenario, thereby altering the charge pro-
file for the same time which leads to a sub-optimal health
charging. The increased calendar aging at low C-rates, which
is more apparent in the Wang model, means any subsequent
increase in charging time of the optimal-temperature cost
function results in an increase in capacity fade. On the other
hand, the reduced capacity fade when using the optimal tem-
perature cost function compared to the optimal health cost
function of the Naumann model is due to the decreased drop
at low C-rates.

In addition, it is observed that the computational time
for the optimal temperature cost function is 8 s faster than
that of the optimal health cost function due to not including
highly nonlinear SoH function.

Figure 5 demonstrates that in the optimal-temperature
scenario, the charging profile (i.e., C-rate) is identical
regardless of the health model. This is because the optimiza-
tion algorithm no longer relies on the SoH to solve the opti-
mal solution. The reduced heat generation at lower C-rates
means the optimal-temperature charging profile reduces the
average core temperature from 26.5/26.3 °C for the Wang/
Naumann models, respectively, to 25.2 °C. The lower C-rate
of the Naumann model causes the average core tempera-
ture to drop compared to the Wang model. The optimal-
temperature charge shows a high initial C-rate caused by
cell’s heat capacity, a low V. at low SoCs and RC circuit
time constants. As charge is applied, the subsequent increase

Table 6 Initial states of the

Parameter z
model

SoH v, v, T, T,

Initial value 0.25
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in RC voltage takes time, thus reducing the cell voltage,
irreversible heat generation and temperature. As a result, the
capacity fade of the cell increased from 0.0029% to 0.0034%
for the Wang model and from 0.112% to 0.144% for the
Naumann model.

The C-rate profile shows a decrease in the early portion
of the cycle. This can be attributed to the ECM parameters
changing with SoC which in some cases can demonstrate
a larger change than the effect of temperature. The initial
increase in temperature and ECM voltages plays a less sig-
nificant role in the optimized profile. C-rate is increased
toward the end of the cycle as the optimization criteria
stop once the desired SoC was reached. The effect that the
battery will be hot thereby decreasing life after the simula-
tion was complete was not factored into the optimization
profile. Hence, an increase in c-rate at the end of the cycle
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would reduce the calendar aging time at the expense of
temperature.

The sharp C-rate increase followed by a lower C-rate
resembles that of the optimal health charge in Ref. [32],
however, with the absence of a late peak. The limited C-rate
of the charging profile in this work significantly reduces
heat generation, hence decreasing peak temperature rise to
0.8 °C, lower than that of Ref. [32]. Their optimal-tempera-
ture charge includes a small additional inclusion of optimal-
time objective, possibly causing an increased current and
hence an increase in heat generation and temperature. This is
further justified by the apparent convergence of their charge
toward zero for the longer charge times. If the temperature
at the end of the cycle is to be minimized, a similar profile
to that of Ref. [32] is observed, as low current in most of
the cycle reduces cell temperature at the end of the cycle.
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It is evident that aging influenced the optimal health pro-
file of the battery, with an aged optimal health profile similar
to that of the optimal temperature when both are limited to
1 h, without the large peaks at the beginning and end of the
cycle. As a result, the average temperature rise is 0.19 °C
compared to 0.17 °C for the optimal temperature charge.
The resulting capacity loss at 2,000 cycles showed a 5.5%
change from a 14.5% loss for the optimal temperature to
a 13.8% loss for the 1-h aged optimal-health profile, sig-
nificantly lower than the 19.3% capacity loss of the unaged
optimal-health charging. As was seen in the optimal tem-
perature charge, charging for longer than 98.9 min results in
a greater amount of damage compared with the aged optimal
health profile. Hence for both models, the optimal-health
cost function provides the best control of health retention.

4.2 Optimal-Health Charging

The charging power and the cooling power requirements of
both health models are shown in Fig. 6. According to the
results, a power limitation of 150 kW has an impact on the
optimal health of both models by limiting the high C-rate at
an early stage when using the Naumann model and at a later
stage when using the Wang model. The cooling power of
both health models has been below the maximum of 5 kW.
The maximum charging power required by the Naumann
model to achieve an optimal health charge is 489 kW. This is
above that of common fast chargers; however, the lower cell
number of smaller battery packs would reduce this require-
ment. The partially aged profile reduces the requirements to
within that of common fast chargers at 19.5 kW charging and
0.9 kW cooling power.

The current profile of the Wang model, shown in
Fig. 7, is in accordance with the result which is already

160 145
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Fig.6 Power requirements of the optimal-health charging scenario

presented in Ref. [1] using the same model, however, with
the absence of a pulse-like response early in the cycle and
a slightly higher final peak. That validation is particularly
important because those previous results were obtained
from a different solver, different discretization method
(LGR) and original rather than fitted ECM parameter
data. The current profile of the Naumann model is higher
than the Wang model initially; however, the longer period
below the Wang profile meant that the average C-rate was
less and therefore has increased the charging time. This is
due to the difference in the theoretical cell life peaks of
the respective models (referring to Fig. 2) with the flatter
and wider peak of the Wang model occurring at a higher
C-rate than that of the Naumann model.

The cell’s terminal voltage, shown in Fig. 7(b), increases
with higher C-rates as we expect. According to Fig. 7(b),
the Naumann model’s curve has a greater initial voltage;
however, superseded by the Wang model after around 5 min.
The higher C-rate at the beginning of the charging cycle for
both models is due to the low V. at low SoC and the time
constant of the RC circuits. Terminal voltage is increasing
over the entire cycle due to the combination of an increase
in V. with increasing SoC, as well as the voltage of the sec-
ond RC circuit which slowly gains voltage due to its greatly
increased capacitance.

In addition, Fig. 7(c) shows the cell’s SoH change during
charging using the Wang and Naumann health models. The
SoC is required to change during charging; however, DoD
and Ah throughput are constant throughout the entire cycle.
The overall SoH change is caused by a combination of dif-
ferent factors. For example, the Naumann model increases
calendar aging by causing a longer charging time, whereas
it can reduce the degradation process by providing a lower
average temperature during charging. The temperature dur-
ing the charging cycle, shown in Fig. 7(d), is greater at the
core compared to the surface. The average core/surface tem-
peratures are 26.5/25.9 °C and 26.3/25.8 °C for the Wang
and Naumann models, respectively. The increased initial
C-rate of the Naumann model increases heat generation
hence temperature, which is then maintained for the rest of
the cycle.

Further analysis was performed on the Naumann health
model, comparing an unconstrained and constrained charg-
ing time in Fig. 8. In the case of unconstrained, the charg-
ing time is obtained to be around 99 min. In the other case,
when the charging time is limited to 60 min, the C-rate is
increased but the shape of the charging profile is preserved,
compensating for the required final charge.

In another analysis, the effect of the ambient temper-
ature is investigated. According to the results shown in
Fig. 9, for a higher ambient temperature, a higher C-rate
is obtained to be optimum because it reduces the charging
time. The increased calendar aging at higher temperatures
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causes the algorithm to increase the C-rate, therefore pro-
viding the best balance between cyclic and calendar aging.

Subsequently, the Naumann model is used to simulate
the effect of different charging time on battery health (i.e.,
change in SOH) as shown in Fig. 10. The damage incurred
over 5 h is the lowest when charging for 5 h, hence as
slow as possible coinciding with that presented in Refs.
[30, 37]. A further comparison is drawn between “as
soon as possible” and “just in time” charging strategies
as depicted in Fig. 10. The “as soon as possible” charg-
ing strategy leaves the battery with a slightly higher SoC
after the charge as well as dissipating the high final tem-
perature after charging. The combination of these factors
means the cell incurs a greater amount of calendar aging,
as presented in Ref. [44]. That additional degradation has
a greater effect at shorter charge times, where after 45 min,
the difference becomes negligible. This is likely due to a
reduced calendar life effect compared to that of cycle life
degradation.
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4.3 Optimal-Time Charging

The charging current profile is the same for both health
models when the optimal time is aimed because a health
model is not included in the optimization process. In fact,
an optimal-time charging solution is more affected by the
charging power constraints rather than battery aging. For
example, Fig. 11 shows the significant impact of any power
limitation on the optimal-time charging profiles. In that fig-
ure, when no power constraint is applied, the optimized pro-
file is voltage limited, representing a CV profile. In such an
unconstrained case, the maximum cell’s temperature reaches

36.9 °C with a maximum and minimum power of 838 kW
and 254 kW, respectively, and a maximum cooling power
of 16.7 kW. It is therefore evident that by considering the
reasonable 150 kW constraint, the entire charging profile
will be limited as shown in Fig. 11. That leads to an increase
in the charging time from 4.9 min to 11.3 min, shifting the
limiting factor from voltage to charging power. By limiting
the cooling power to 5 kW (i.e., around 0.708 W per cell),
the charging profile becomes cooling-limited after 7.6 min,
which consequently reduces the C-rate. By applying both
power constraints, the optimal-time charging takes 12.2 min,
a substantial increase from the unconstrained solution.

Figure 12 (a) shows that for the same charging power, the
initial low voltage permits an increase in C-rate. As the volt-
age begins to level off so does the C-rate, slowly decreasing
due to the increasing cell voltage, up until around #=7.6 min
when the limiting factor moves from charging to cooling
power. It remains under this constraint until the end of the
cycle. At t =12.2 min, for 25-75% SoC charge, the charge is
faster than the 10-80% charge of the Tesla in 38 min, given
the increased allowable power and increased SoC range [65].
With smaller battery packs such as that found in the Ioniq
[66], the allowable charging power per cell is greater, thus
increasing the allowable C-rate.

With the applied power constraints, the power limita-
tion means the cell voltage limit is not reached during the
cycle as shown in Fig. 12 (b). Initially, due to low V. and
RC circuit voltages, the voltage is low. As the SoC reaches
its mid-range, the V. and the voltage from the first RC
circuit level off. However, due to the larger capacitance,
the second RC circuit steadily increases in voltage as more
current is applied, thereby steadily increasing the terminal
voltage.

Figure 12 (c) shows a lower SoH for the optimal-time
charging profile compared to the optimal-health scenario.
For the Wang model, the C-rate remains below that of the
peak number of cycles, which, however, remains in the wide
range of improved cycle life. This is not the case for the
Naumann model, however. The increase in C-rate increases
the cycle losses as well as cell temperatures, while reducing
the charging time. Nevertheless, the increased cycle loss and
subsequently increased temperature cause increased capacity
loss and thus a lower SoH.

Looking at Fig. 12 (d), the result demonstrates that
the increased C-rate, compared to the optimal-health sce-
nario, leads to increased heat generation and temperature.
The average core/surface temperatures are recorded at
27.5/26.5 °C. As the cooling power limit is established at
around #=7.6 min, the difference between the surface and
coolant temperatures reaches the cooling limit at around
2.2 °C, which is less than that of the imposed temperature
limit.
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Figure 13 compares the optimal-time charging profile
with that of two CCCV profiles, one chosen to coincide
with just under the 150 kW requirement and the other with
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both the 150 kW charging power and 5 kW cooling power.
When the 2.6C CCCYV profile is considered, the charging
time is 11.5 min with a capacity loss of 0.113%. On the
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other hand, the 2.3C CCCYV profile has 13.0 min of charging
time with 0.119% capacity loss. Compared to the optimal-
time charging profile, the faster CCCV profile causes more
degradation whereas the slower CCCV profile causes less.
In fact, an increased charging rate increases the capacity
fade by increasing cyclic losses, despite decreasing calen-
dar losses. The cyclic losses have been already higher for
the optimal-time charging profile, further increased with an
increased C-rate. Unlike the other two charging profiles, the
2.6C CCCYV charging profile overshoots the cooling power
limitation, therefore may not be feasible. Comparing the
optimal-time algorithm to the CCCV counterpart, tighter
control of parameters is established along with a signifi-
cant 6.82% faster charging time, reducing charging time by
0.8 min.

Figure 14 demonstrates the effect of varying ambient
temperature on the charging current profile. As tempera-
ture increases, the cooling power-limited phase decreases in
both length and magnitude. This is due to the temperature
difference required for the cooling power limit to be met
later in the cycle. In addition, the allowable current under
the charging power-limited phase is greater. These changes
can be attributed to the changes in the ECM parameters in
response to temperature. The parameter R, decreases with
increasing temperature, causing less voltage for a given input
current, and therefore increasing the allowable current for
the same charging power.

5 Conclusions

In this study, a model-based battery charging optimization
framework was proposed and simulated under various work-
ing conditions. By utilizing more detailed health models,
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Fig. 14 Effect of the ambient temperature on optimal-time charging
profile

along with the addition of practical limitations of charging
and cooling power, their effects on the optimized charging
profile were demonstrated as the novelty of this work. A
second-order equivalent circuit model coupled with a ther-
mal model of a cylindrical LFP cell was used in this study.
In addition, two battery health models (i.e., Wang and Nau-
mann models) were considered for battery health estimation
under various temperatures and C-rates. All the models were
then integrated into an optimization framework to generate
an optimum battery charging profile by considering a desired
objective function and certain constraints. Two different
charging strategies were investigated called ‘optimal-health
charging’ and ‘optimal-time charging.’

In the optimal-health charging scenario, firstly the power
requirements of charging and cooling were compared
between the Wang and Naumann health models. Secondly,
other variables such as C-rate, battery voltage, battery SoH
and temperature of both health models were presented and
discussed. After that, a comparison between two cases in
which the charging time is constrained and unconstrained
was investigated. According to the results, the unconstrained
charging time was obtained to be around 99 min to charge
the EV battery from 25% to 75% SoC. In the other case,
when the charging time was limited to 60 min, the C-rate
was increased but the shape of the charging profile was
preserved, compensating for the required final charge. In
another analysis, the effect of the ambient temperature was
investigated. According to the results, for a higher ambi-
ent temperature, a higher C-rate is obtained to be optimum
because it reduces the charging time. The increased calen-
dar aging at higher temperatures causes the algorithm to
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increase the C-rate, therefore providing the best balance
between cyclic and calendar aging.

Next, an optimal-time charging scenario was proposed.
Firstly, the impact of any power limitation on the charging
profile was investigated. It was observed that when no power
constraint is applied, the optimized profile is limited by the
maximum voltage, representing a CV profile. It was there-
fore concluded that by considering the reasonable 150 kW
charging power constraint and limiting the cooling power
to 5 kW, the optimal-time charging takes around 12 min to
charge the EV battery from 25% to 75% SoC. Secondly,
other variables such as C-rate, battery voltage, battery SoH
and temperature of both health models were presented and
discussed. After that, the optimal-time charging profile was
compared with the CCCV charging profile. Comparing the
optimal-time algorithm to the CCCV counterpart, a tighter
control of parameters is established along with a significant
6.82% faster charging time.

In terms of battery health, the difference in losses over
2000 cycles was improved by 0.08% by using the optimal-
health charging protocol in comparison with a 0.3C CCCV.
Considering losses until the vehicle is used again, the opti-
mal charge was found to be to charge as slowly as possible,
minimizing the losses experienced when charging faster than
required and aging at higher SoC. Therefore, for preserving
the health of a battery, one of the most important factors in
how fast to charge is the amount of time available for the
charge.
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