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Abstract

Many estimates of battery capacity degradation are based on accelerated lab tests that involve
charge-discharge cycles or rely on data or electrochemical modeling. These methods are
reasonable for technology benchmarking but rarely consider real-world end-use factors. To
address this issue, this study develops the Battery Run-down under Electric Vehicle Operation
(BREVO) model. It links the driver’s travel pattern to physics-based battery degradation and
powertrain energy consumption models. The model simulates the impacts of charging behavior,
charging rate, driving patterns, and multiple energy management modules on battery capacity
degradation. It finds that, over a 10-year timespan, firstly, for a random driver situated in the
New England area, daily direct-current fast charging (60kW) could lead to up to 22% less battery
capacity when compared to daily Level-1 charging (1.8kW). Second, the battery thermal
management system can delay battery degradation by approximately 0.5% in the New England
area. Third, warmer ambient temperatures enhance BEV battery usage. The model indicates that
the battery capacity in the Los Angeles area is 6% higher than that in the New England area. The
BREVO model provides crucial information for consumers and BEV manufacturers on range

anxiety, BEV battery design, and decision support of battery warranty.

Keywords: Battery capacity degradation, Driving patterns, Electric vehicle, Fast charging,

Powertrain energy consumption
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1. Introduction

The increasingly strict fuel economy and emission standards in major vehicle markets
have prompted the production of internal combustion engine vehicles with higher hybridization
levels or plug-in electric vehicles (PEVs) [1]. As a result, more than 6.6 million of PEVs were
sold globally in 2021 [2]. According to the policy scenario to achieve the climate goals of the
Paris Agreement, it is expected that the global electric vehicle stock will reach nearly 140 million
vehicles and account for 7% of the global vehicle fleet by 2030 [3]. In particular, the Biden
administration has pledged to reach net-zero greenhouse gas emissions no later than 2050 [4],
with 100% clean electricity expected to be realized by 2035 [5]. This policy adjustment has
shifted the product strategies of many auto manufacturers towards electric vehicles. For instance,
Volvo, Volkswagen, and Stellantis have been implementing their electrification strategies [6—8].
In China, hundreds of Chinese companies, including those that dominate the internal combustion
engine vehicle market, such as Dongfeng Auto and Shanghai Auto, are now competing in the

BEV market [9].

However, the Achilles' heel of BEVs is its power source — the battery. Currently, the
market is still searching for a low-cost battery that can provide a reliable electric driving range to
consumers. The cell level of commercial lithium-ion batteries had an average specific energy of
200 Wh/kg in 2018, which is below the target of 500 Wh/kg specified by the U.S. Department of
Energy (DOE) [10]. The DOE estimated the vehicle lithium-ion battery pack declined by 89%
from 2008 to 2022, in which the cost is $153/kWh on a usable-energy basis [11]. Turcheniuk et
al. claimed that further development of the electric vehicle market could be hindered by the

lithium-ion battery since they believe that its cost and performance improvement progress is still
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slower than the market demands [12]. Expansion of the car charging infrastructure in the U.S. is
also needed to improve the convenience of using electric vehicles [13]. The U.S. DOE and
Department of Transportation have announced plans to invest nearly $5 billion to support the
new National Electric Vehicle Infrastructure (NEVI) Formula Program to create nationwide
charging accessibility for BEVs [14]. Frequent and quick charging can extend the BEV’s electric
driving range, thereby reducing the range anxiety and the time costs for the BEV drivers [15].
Therefore, fast chargers (FC), capable of delivering 60 to 80 miles of range in 20 minutes of
charging, are recommended for deployment, especially along heavy traffic corridors [16]. Many
charging infrastructure publications have presumed that FC or extreme fast charging (xFC)
would promote the adoption of electric vehicles and focus more on station siting selection and
optimization [17,18]. FC, and particularly xFC, has been known to accelerate battery degradation
under certain conditions [19]. However, it is not well understood how often these conditions may
occur in the real world, possibly discouraging utilization or forcing tradeoffs between battery life

and range extension.

A comprehensive understanding of real-world battery performance and end-use behavior
factors such as charging power, ambient temperature, and driver patterns is crucial for accurately
estimating battery lifetime and avoiding potential misconduct on battery uses. While many
battery testing results are obtained from accelerated lab tests under extreme conditions, such
results may not accurately reflect on-road performance [20,21]. Some lab-based battery testing
studies indicate that battery capacity degradation is slower with a smaller state-of-charge (SOC)
window during charge-discharge cycles [20]. Existing battery lifetime models, such as the

Battery Lifetime Analysis and Simulation Tool (BLAST) [22], consider some of these
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relationships, but tend to focus on degradation factors and lack clear linkages to end-use factors,
especially travel profiles and charging activities [23]. In addition, some buyers are concerned
that the BEV battery life may not exceed 65,000 miles before requiring replacement [24]. On the
other hand, the BEV leasing company Tesloop has reported that its Tesla Model S vehicles have
been driven over 400,000 miles without significant battery capacity degradation [25], although it
is not yet clear if the smaller depth of discharges (DoDs) is the explanation. Therefore, there is a
research gap in associating battery lifetime validation through lab tests or models with real-world
evaluations by users. The validity of the hypotheses mentioned above can potentially affect total

ownership cost calculations as well as consumer sentiments and supplier outlooks regarding

BEYV products.

The degradation or lifetime of a BEV’s battery can be impacted by various end-user
factors such as working (ambient) temperature, frequencies of battery charging-discharging, and
powertrain energy consumption control modules [26]. It is widely known that the capacity of the
lithium-ion battery or the lithium-iron-phosphate battery decreases substantially as temperature
drops, and this is primarily due to increased electrolyte viscosity at low temperatures [20,27].
Moreover, the previous results show that battery degradation occurs more quickly when the
testing temperature is above its normal operating temperature [28]. Therefore, the vehicle-to-grid
technology could hurt the use of BEV if battery impact is considered [29]. To save energy
consumption and account for various physical factors impacting the BEV’s battery operation, the
BEV is equipped with several powertrain energy consumption modules, such as the regenerative
braking system (RBS) [30], the heating, ventilation, and air conditioning (HVAC) system [31],

and the battery thermal management system (BTMS) [31] to improve the energy efficiency.
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These energy consumption modules could also affect battery degradation from a long-run

perspective.

The objective of this study is to fill a research gap by associating BEV battery
degradation models/experiments with BEV simulations under the real-world long-term driving
profile. The study aims to estimate the potential impacts of major end-user factors such as
driving pattern, charging behavior, ambient temperature, charging power, and powertrain energy
consumption control modules on the BEV battery life. The powertrain energy consumption
control modules discussed in this study include RBS, HVAC, and BTMS. The study links
existing lab-based relationships to real-world end-user behavior data and generates impactful
insights on BEV battery life. This approach is rarely comprehensively conducted in other
previous studies, as listed in Table 1. Considering the large-scale installations of xFCs and the
plans for vehicle-to-grid technology, the negative influence of xFC or other charging behaviors
on battery degradation could potentially increase the ownership costs of BEVs. As lithium-ion
batteries dominate the BEV market, this study discusses the impacts of lithium-ion batteries only

instead of other battery chemistry materials.

Table 1. Summary of recent literature on BEV battery degradation model.

Studies Contributions Limits

Zhao et al. 2023 [32] It develops a stacking The study cannot be applied to all
ensemble machine learning | real-world scenarios, such as
model to estimate the state | uncontrolled partial charging

of health of commercial cycles, fast charging modes, and
lithium iron complex low-temperature aging
phosphate/graphite cells. mechanisms.

Neubauer et al. 2014 [22] | This study is one of the It lacks clear linkages to end-use
pioneers that creates a factors, especially travel profiles

systematic powertrain and | and charging activities.
battery model to understand
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battery degradation and
lifetime.

Jafari et al. 2018 [33]

This study builds a model
for evaluating electric
vehicle battery aging by
considering both real-world
Daily driving and vehicle-
to-grid services.

This study has comprehensively
considered both the battery and
real-world end-user factors.
However, the model for the
powertrain system is simplified.

Severson et al. 2019 [34]

This work highlights the
promise of combining
deliberate data generation
with data-driven modeling
to predict the behavior of
complex battery dynamical

This work focuses on a data-driven
model to simplify the complex
electrochemical relations in the
battery system. It has not examined
the model reliability when the end-
user factors on the real-world road

systems. are considered.

This paper consists of five sections. Section one provides background, discusses some of
the literature on BEV battery technology and its degradation impact factors, and presents
research motivations and objectives. Section two summarizes the major end-use factors
determining the battery lifetime and describes the review of data and literature on existing lab-
based relationships. Section three provides modeling assumptions and methodology for building
the Battery Run-down under the Electric Vehicle Operation (BREVO) model. Section four
quantifies the impacts of driver-end factors on battery life in the simulated real-world travel

pattern by scenarios. The last section provides summaries and conclusions.

2. End-use Factors Impacting the Battery Lifetime

Battery lifetime is commonly measured by the number of charge-discharge cycles before
the battery capacity is degraded to 80% of its original capacity. However, the testing method for
battery charge-discharge cycles is based on accelerated tests with deep discharge and full
recharge cycles [35]. Henschel et al. extended the battery performance to the on-road test which

lasts for minutes and hardly implicates long-term impacts [36]. These methods are reasonable for
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technology benchmarking but do not represent real-world end-user factors and therefore are
inadequate for informing consumers and BEV manufacturers, such as the total cost of ownership,
range anxiety over vehicle lifetime, BEV’s electric range design, and battery warranty offered.
Existing research has identified some quantified relationships between battery degradation and
some end-use factors such as daily driving patterns [33]. This study reviews the end-use factors
such as driving pattern, terrain, charging behavior, ambient temperature, charging power, and

calendar degradation, which are summarized in Table 2.

Table 2. Summary of end-user factors on battery degradation.

End-use factor Key degradation Existing studies | Battery lifetime conflicts
factor

Driving pattern [33,37] Battery cost, range anxiety,

energy cost

Terrain Depth of discharge, [38] Battery cost, range anxiety,
discharging rate, energy cost

Charging behavior | charging rate, film [33] Range anxiety, energy cost

Charging power resistance [20,39,40] Value of time, range anxiety

Ambient Thermal [20,41] Thermal management capital

temperature management, film cost, range loss, energy cost
resistance

Calendar. Storage SOC [39] Range anxiety

degradation

The estimate of the BEV battery lifetime or the utilization of FC should be consistent
with the use frequency of fast/slow charging and discharging/recharging ratio of the BEV users
while considering their travel patterns. To maintain the battery capacity and extend the battery
lifetime, several potential barriers summarized in Table 3 must be conquered [19]. Through
simulation in the BREVO model, this study estimates and compares the impacts of different

charging patterns, vehicle usage, and locations on the battery capacity of a sedan-sized BEV.
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Table 3. Solutions to protect the battery during xFC.

Factors that Current Reality Potential solution
damage the battery | solution
capacity/life

Frequent heavy

BMS controls

Most trip distances

Based on the driver travel

the

to use FC & xFC.

charging power the SOC are short. patterns to more
load between 20% accurately project
and 80%. potential discharge levels
of BEV’s battery.
Battery lithium Change to a Thinner electrodes | A larger scale of battery
plating thinner increase battery manufacturing to lower
electrode costs and lower cost, or development of
energy density, new electrode/electrolyte
which could result | materials and electrode
in more cells. architecture to boost
lithium-ion transport
Overheating BMS detects Drivers can choose | Based on the driver’s

travel patterns to help to

temperature. determine what charge
rate and when to charge

their EVs.

2.1. Depth of discharge

The way of using a BEV could change the level of battery degradation or the battery life.
Firstly, the discharge cycles can highly correlate to the depth of discharge (DoD) which
describes the SOC window. Table 4 indicates common aging trends of lithium-ion batteries on
DoD. In this table, two lithium-ion battery products are used as examples. The first example is a
lithium-ion battery product with nickel manganese cobalt oxide (NMC) as the cathode, and the
second example is a lithium-ion battery product with iron phosphate as the cathode material
(LFP). Although the exact numbers of discharge cycles vary by test environment or battery
materials, a heavy load of charge and discharge can result in less number of charge-discharge
cycles; and a partial discharge can extend the life span of the lithtum-ion batteries [42]. That’s

why the battery management system (BMS) in BEVs automatically limits the SOC between 20%
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and 80% [43]. This study uses the trend for the DoD and the discharge cycles of the NMC
battery shown in Table 4 to quantify the relation of these two variables, and it describes this

relation by fitting it with a power equation (R-square = 0.9946), as shown by Eqn. (1).

n=302.4 X DoD—1-264 (D
Where n is the number of discharge cycles of a lithium-ion battery in BEVs; and DoD is the
depth of discharge. For example, 80% of DoD signifies that the difference between the SOC
level at the beginning of discharge and the SOC level at the end of discharge is 80%. It is known
that the number of discharge cycles depends on many variables other than the DoD, and this
study focuses on the overall degradation of battery use under long-term electric vehicle
operations; thus, this study purposely uses a fitting to simplify this part of the simulation, which

can be expanded in the future.

Table 4. Relationship between DoD and discharge cycle for two lithium-ion battery products as

examples* [42].

. Discharge cycles
Depth of discharge (DoD) An NMC Batteryg A)lll LFP Battery

100% ~300 ~600

80% ~400 ~900

60% ~600 ~1,500
40% ~1,000 ~3,000
20% ~2,000 ~9,000

10% ~6,000 ~15,000

* The terms - “NMC” and “LFP” used in this table do not imply that the discharge cycles will be
affected only by the cathode.

Meanwhile, the battery’s DoD in the real world might not be consistent with the battery
life cycle test in the laboratory. For example, to evaluate battery capacity degradation and

understand the impact of battery expansion, Mohtat et al. tested the discharge cycles under
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different DoDs [44], which clearly shows the correlation between different battery features. On
the other hand, according to studies on driver travel patterns in the U.S. and China, the distance
of most driving trips is less than 20 miles [45,46]. If BEV drivers charge frequently after the end
of their trips, the DoD of BEV batteries in most driving scenarios is smaller, and thus, the vehicle
battery could persist much longer than what we expect based on the lab-based battery testing
which often implicates only thousands of cycles. Therefore, the real-world travel patterns could
be a remarkable factor impacting the battery lifetime, and more recent battery research studies
have considered the simulation or test with referring to the real-world driving cycles [23,47].
2.2, Charging rate

A higher charging rate on a lithium-ion battery could cause problems such as lithium
plating on the surface of the electrode, and this detriment varies as the combination of battery
anode/cathode materials changes [48,49]. Therefore, the charging rate and the charging
frequency are another type of use-end factor impacting the BEV’s battery lifetime, especially
faster charging with higher wattages, such as the Level 3 direct-current (DC) FC, Tesla
Supercharger, and xFC, [14,19]. The charging levels and their features discussed in this study are
shown in Table 5. The conventional DC FC provides voltage directly to the BEV battery via a
DC connector, usually with a power of 50 kW and a voltage ranging from 208 V to 600 V [50].
The time to charge for 200 Miles by DC FC can be about 60 mins [19]. Tesla V3 Supercharger
can deliver a peak of 240 kW of charging power, and a nearly consistent 72 kW of power
depending on battery usage and age [51]. In addition, xFC defined by the DOE is the charger that
can deliver a peak charging rate of 150—400 kW; the XxFC can recharge a BEV in less than 10
mins and provide approximately 200 additional miles of electric range [19]. However, the xFC

could potentially damage the lifespan of the BEV battery as internal heat generation could more
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rapidly degrade the battery lifetime, although this can be regulated by BTMS [52]. In addition,
the round-trip efficiency at xFC will also be lower and it would also cause the charging cost of
xFC to be higher per usable watt-hour. What’s more, the battery which is suitable for the xFC is
more expensive than the general batteries in the market [19]. The high voltage and the high
power of XFC require more improvement of the vehicle components such as the electric drive
motor and the power electronics, and the installation of XFC infrastructure would be more
expensive [19]. Therefore, the adoption of xFC could not be that simple: a larger scale of xFC
adoption indicates higher upfront investment cost, and it could also bring extra potential

permanent damage to batteries if these end-use factors are ignored.

Table 5. Charging types and features used in the scenarios.

Vehicle Charging power Charging voltage  Charging Charging price
charger (kW) V) efficiency ($/kWh)

Level 1 1.8 120 0.85 0.13
Level 2 7.6 240 0.85 0.13
DCFC 60 480 0.85 0.26
xFC 400 800 0.85 0.52

To avoid the battery’s permanent damage and battery degradation caused by the high
voltage or overheating during fast charging, the major solution adopted by BEV manufacturers is
to utilize a reliable BMS to reasonably distribute voltage for each cell in the battery pack. For
example, for a Tesla vehicle, the charging power rate may vary due to battery charge level,
current use of the supercharger, and extreme climate conditions, so it is very often that the
charging time could be longer than the ideal expectation to ensure maximum driving range and
battery safety [51]. At the same time, if we understand the driver’s travel pattern and can design

a method to inform the driver whether to charge their BEVs with Level 1-2 charger or FC &
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xFC, we can not only prolong the use of batteries but also smartly save the investment on public

charging facilities.

3. Method and Assumptions

3.1.  The physical-based powertrain energy model

To understand the variations of the battery lifetime of BEVs under driving scenarios that
simulate real-world long-term BEV usage, this study builds an Excel® VBA-based model,
named BREVO to quantify the impacts of different vehicle- and driver- features. The BREVO
model associates the transportation analysis of driving behaviors with the physical-based
powertrain energy model. The structure of the physical-based energy flow model, which is used
to quantify the vehicle-end features, is similar to other vehicle powertrain system models
[20,22,30] The BREVO model consists of four components: (a) vehicle energy transfer module,
(b) battery aging module, (c) battery electric-thermal module, and (d) charging module. The
structure of the physical-based energy flow model is shown in Figure 1.

-
=

i R ﬁl‘; )

Components - |

(3 B
Energy transfer efficiency and | |
relationship.

Components
Braking regenerative system (BRS). Vehicle P
. Vehicle to Grid.
HVAC system. Energy Cha;g|lng
IS echs Levels 1 and 2, DC fast charging, and —

Components module extreme fast charging.

Default charging speed/method.
Lookup tables for battery aging model

(depending on battery chemistry): EELE

[~ electric Components
(1) State of Charging vs. Temperature; < -thermal

Battery temperature management
module system (BTMS).

(2) Resistance vs. Temperature. b . i
Battery electric relation.

(3) Capacity vs. time. Battery thermal relation.

Figure 1. Structure of the physical-based powertrain energy model in BREVO.
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3.1.1. Vehicle energy transfer module

The vehicle energy transfer module is a component of considering the BEV powertrain
dynamics and integrating RBS and HVAC in the simulation. The vehicle kinetics and powertrain
energy efficiency information are presented in Table 6. The battery provides the desired power to
move the vehicle. Eqn. (2-6) shows the major relationships of the vehicle dynamics: the total

force to move the vehicle (Fy,), the air drag force (F), the rolling resistance force (F,.), the

grading force (F ), and the acceleration force (Fy).

F
=Fy+F.+Fy+F,
(2)

1
Fd(t) = EpairAdCd(vc(t) - 17Wl'ncl)2 (3)
F.(t) = c,mygcos(0) (4)
F4(t) = mygcos(6) (5)
Fo(t) = omyacqr(t) (6)

Where, v.(t) is the vehicle speed varying by time, and a.,,-(t) is the vehicle acceleration

varying by time. Accordingly, the energy to move the vehicle (W, J) is shown in Eqn. (7).

pts
aw.
dtpf = Fptvc(t) (7)
Table 6. Vehicle powertrain and battery parameters.
Parameters  Units Descriptions Value
Vehicle Powertrain
Ag m? Front area 2.130
C4 - Coefficient of aerodynamic resistance 0.350
lo - Rolling resistance coefficient 0.015
Accessory energy efficiency (energy consumed by
f ace - accessory electronics etc.) 0.98
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Powertrain efficiency (energy flow direction is from
fot - the battery to the wheel) 0.90
Regenerative efficiency
frbs - (Stored energy/braking energy) 0.63
g m/s? Gravitational constant 9.810
m, kg Vehicle gross weight 1,100.000
Vwind m/s Wind speed 0.000
0 deg Road inclination 0.000
o - Correction coefficient of rotational inertia 1.300
Pair kg/m*  Air density 1.225
Battery Basic
Cini Ah Battery initial capacity 198.5
Py kWh Max deliverable energy 85
Vimax A% Max voltage 400
Vinin \% Min voltage 270
Battery Thermal
Cp J/K Heat capacity of the battery 101,771
C. J/K Heat capacity of the vehicle cabin 182,000
Coefficient of BTMS performance (ratio between
f bems BTMS heat transfer and BTMS energy demand) 0.9
Effective heat transfer coefficient between ambient &
Kap W/K battery system 4.343
Effective heat transfer coefficient between ambient &
K, W/K vehicle cabin 22.600
Effective heat transfer coefficient between battery
Ky, W/K system & vehicle cabin 3.468
Effective heat transfer between battery and battery
Kpims W/K thermal management system 340
Qrad kW Solar irradiance (default = 0) 0
Ty, up °C The temperature ceiling that BTMS is not working 30
The temperature that HVAC removes heat from the
Th,up °C vehicle cabin to the ambient 23.88
Th,10w °C The temperature bottom that BTMS is not working 10
The temperature that HVAC adds heat from the
Th,low °C ambient to the vehicle cabin 18.85

In addition, the RBS and the HVAC are common components in the BEV powertrain
system and are also integrated in the BREVO model. For the RBS, it assumes that the braking
energy is regenerated when the vehicle speed, v, is over 5 km/h (1.389 m/s) [53]. For
simplification, the braking energy is stored in the battery system with a fixed efficiency - f,s,

therefore, only a partial of the powertrain energy can be recycled back to the battery system.

15
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The simulation of the HVAC system in this model is based on Neubauer et al. [54] and
Maranville et al.’s work [55]. The HVAC determines the heat (Q,qc, J) from or to the vehicle

cabin. The working status of the HVAC depends on the temperature of the vehicle cabin (T',): the

d vac . .
heat transfer rate, %, is 4 kW when T. > T}, ., (cooling); the heat transfer rate is -4.5 kW

when T, < Tp 0w (heating); and otherwise, the heat transfer rate is calculated by Eqn. (8).

d
Q;:“C =—1.7- (T, + 273.15) + 500.4 (8)
Where, dQ;:aC is positive when the heat is added from the ambient to the vehicle cabin and is

negative when the heat is removed from the vehicle cabin to the ambient.

At the same time, the HVAC system is powered by the vehicle battery. The energy
demand (W p,,4.) for the HVAC system to work is determined by the size of heat transfer (Qpyqc)
and the ratio of heat dissipation/electrical power intake (COP). The COP is 1.5 when the HVAC
works for cooling, and the COP is 2.5 when the HVAC works for heating, as shown in Eqn. (8).

The positive/negative sign of energy does not indicate the size but the energy flow direction.

|@rvacl
Whvae = Frp———, HVAC cooling,Quyac < 0
COPcooling (8)
hvac )
Whvac = m, HVAC heatmg,QHVAC >0

3.1.2. Battery aging module
The BEV battery aging in the BREVO model consists of two types of aging: calendar
aging [56], and thermal aging [57]. Calendar aging is a degradation of a battery independent of

charge-discharging cycling. This study summarizes the experiment data provided by Wikner et
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al. [58] as a lookup table, as shown in Table 7, to derive the calendar aging rate (., %) by

battery SOC and battery temperature. The interpolation method is adopted if the values are not in

the table. The growth function, as shown in Eqn. (9), is used for fitting the relation between
calendar aging rate and SOC value at a specific battery lifetime for 25 °C and 35 °C respectively.

7.(50C) = b - mS9¢ 9

Where, b and m are the fitting parameters for each specific battery lifetime. The calculation

process for 7, 4. at SOC=SOC 4, battery temperature T = T4, and battery lifetime L g;:

a) If the specific battery lifetime (L;4.) is not in the lookup table, the calendar aging rate values
for each SOC value (0.00, 0.15, 0.90, 1.00) will be firstly linearly interpolated based on the
nearest two battery lifetime values, L; 4.1 and Ly, 2, in the lookup table.

b) Then, two growth functions will be fitted: one is the function of 7.@y, ,,@25¢(SOC) for
battery temperature at 25 °C, and the other is the function of 7.@, ,@35c(SOC) at 35 °C.

Accordingly, T.@L,,, @soc,,.@25¢ and Tc@L, . @s0c,, @35c are calculated based on the growth

functions, respectively.

c) Ultimately, t.@ Lige@SOC,ge@T e is obtained through the linear interpolation between

Tc@L;y:@SOC,4,@25C and Tc@Lyy:@SOC,4,@35C-

One benefit of this calculation is that the lookup table is simple and automatic to be
expanded as more experimental data are achieved, and the estimate of the calendar aging rate

will be more accurate.

Table 7. Relation between the calendar aging rate with SOC, battery lifetime, and battery

temperature.
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Calendar aging rate SOC

Battery temperature 25°C 35°C
Battery lifetime (days) | 0.00  0.15 0.90 1.00 | 0.00 0.15 0.90 1.00
0 | 100% 100% 99% 99% | 100% 100% 99% 99%
200 | 100%  99% 97% 97% | 100%  99% 96% 96%
400 | 100%  99% 96% 95% | 100%  98% 95% 95%
600 | 100%  99% 95% 94% | 100%  98% 91% 91%
800 | 100%  98% 94% 93% | 100%  98% 91% 90%
1000 | 100%  98% 92% 92% | 100%  97% 89% 88%
1200 | 100%  97% 91% 90% | 100%  97% 87% 86%
1400 | 100%  97% 90% 89% | 100%  97% 85% 83%
1600 | 100%  97% 89% 88% | 100%  96% 83% 81%
1800 | 100%  96% 88% 87% | 100%  96% 81% 79%
2000 | 100%  96% 87% 86% | 100%  95% 79% T77%
2200 | 100%  96% 86% 85% | 100%  95% T77% T5%
2400 | 100%  95% 85% 83% | 100%  95% 75% 73%
2600 | 100%  95% 84% 82% | 100%  94% 73% T1%
2800 | 100%  95% 83% 81% | 100%  94% 71% 68%
3000 | 100%  94% 82% 80% | 100%  93% 69% 66%
3200 | 100%  94% 81% 79% | 100%  93% 67% 64%
3400 | 100%  93% 80% 78% | 100%  93% 65% 62%
3600 | 100%  93% 79% T7% | 100%  92% 63% 60%
3800 | 100%  93% 78% 76% | 100%  92% 61% 58%
4000 | 100%  92% 77% 75% | 100%  91% 59% 55%
4200 | 100%  92% T76% 74% | 100%  91% 57% 53%
4400 | 100%  92% 75% 3% | 100%  91% 55% 51%
4600 | 100%  91% 74% 72% | 100%  90% 53% 49%
4800 | 100%  91% 73% 71% | 100%  90% 51% 47%
5000 | 100%  91% 72% 70% | 100%  89% 49% 45%
5200 | 100%  90% 71% 69% | 100%  89% 47% 42%
5400 | 100%  90% 70% 68% | 100%  89% 45% 40%
5600 | 100%  90% 70% 67% | 100%  88% 43% 38%
5800 | 100%  89% 69% 66% | 100%  88% 41% 36%
6000 | 100%  89% 68% 65% | 100%  87% 39% 34%
6200 | 100%  89% 67% 64% | 100%  87% 37% 32%
6400 | 100%  88% 66% 63% | 100%  87% 35% 30%
6600 | 100%  88% 65% 62% | 100%  86% 33% 27%
6800 | 100%  88% 65% 62% | 100%  86% 31% 25%
7000 | 100%  87% 64% 61% | 100%  85% 29% 23%
7200 | 100%  87% 63% 60% | 100%  85% 27% 21%
7400 | 100%  87% 62% 59% | 100%  85% 25% 19%
7600 | 100%  86% 62% 58% | 100%  84% 23% 17%
7800 | 100%  86% 61% 57% | 100%  84% 21% 14%

18
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100%  83% 19% 12%

8000 | 100%  86% 60% 57%

The thermal aging is the battery degradation impacted by the battery operating
temperature. For the thermal-aging rate (t,), the capacity loss dependence on temperature was
modeled using an Arrhenius-like equation to fit the experimental data, so the aging degradation

model is an empirical equation, as shown in Eqns. (10) and (11) [57].

—E;+n-1, )

Ofen = (@ SOC—B)- EXP(Rg (27315 + Tp) (10)

Ta=1— O-fchacc2 (11)

Where, 0y, is the severity factor for the battery aging degradation; a, 8, n and Z are given
parameters, obtained through fitting the experimental data. =2897.8 and f=7413.1 when
SOC<0.45; a=2694.3 and =6025.6 when SOC=0.45 [57]. R is the universal gas constant; E,
is the activation energy, equaling to 31,500 J/mol. I.. is the current rate of the battery (1/h). Q4.
is the cumulative capacity output of the battery throughout battery life so far (As). T, is the
battery's temperature (C). 7, is the thermal-aging rate (% of battery initial capacity). The
remaining battery capacity (Cpq¢ -, Ah) considering battery aging is calculated based on Eqn.
(12).

Chat,r = Chat,iniTaTc (12)

Where, Cpq¢ ini 15 the initial battery capacity, Ah.

3.1.3. Battery electric-thermal module
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The battery system, as the only energy source in BEV, provides energy for moving the
vehicle (W) and for working by BTMS (W ¢y,s) and HVAC (W p,,4.) system, and couples with
the working of the RBS (W,.,5), as shown in Eqn. (13).

Wbat = Wpt + Whvac + Wbtms + Wrbs

(13)

Internally, the energy outflow/inflow of the battery system can be measured by Eqn. (14).

deat
dt

=Pbat = (OCV+IC'Rbat) 'Ic (14)

Where, OCV is the open circuit voltage (V); I, is the battery current (A); and R, is the battery
internal resistance (Q2). The relation between battery SOC and battery current is given by Eqn.
(15), a Coulomb counting method. The relation between battery generated heat and battery

current is given by Eqn. (16).

dsoc
dt
= Ic/Cbat,r
(15)
dQp
dtat = Icz ' Rbat (]_6)

Where, Cpq - 1s the battery rated capacity (Ah). Qpq, 1s the heat (J) generated from the battery

system.

The other method to estimate the SOC is the voltage method, in which battery open
circuit voltage (OCV) can be converted to equivalent SOC value using the battery’s predefined
discharge curve. The curve shown in Table 8 is used in this study.

Table 8. Relation between the SOC and OCV (V).
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SOC Open circuit voltage (V)
0.00 333
0.20 351
0.50 364
0.90 388
1.00 400

The battery’s internal resistance (Rp,;) 1s also impacted by the battery’s electrochemical
kinetics and temperature. Considering the complexity of the battery electrochemical kinetics, this
study uses a similar interpolation and fitting function combined with the lookup table method, as
described in Section 3.1.3, to determine the resistance value, as shown in Table 9.

Table 9. Relation between battery internal resistance with the SOC and temperature (°C).

Internal resistance (£2)
attery temperature
O -15 0 30
SOC

0.00 1.340 1.080 0.320
0.10 1.340 1.080 0.200
0.20 1.340 1.080 0.150
0.30 1.340 0.300 0.125
0.40 0.680 0.250 0.125
0.50 0.485 0.260 0.130
0.60 0.430 0.250 0.130
0.70 0.415 0.240 0.160
0.80 0.420 0.255 0.165
0.90 0.430 0.260 0.130
1.00 0.440 0.270 0.130

Because temperature is a significant factor determining the battery working status and
lifetime [22], the BTMS is integrated in the BREVO model to adjust the temperature of the
battery system for optimizing its working environment. There are two key parameters to
determine how much energy transferred by and consumed by the BTMS: the temperature of

battery (Tpq¢, °C), and the effective heat transfer coefficient between battery and BTMS (K p¢ s>
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W/K). When the temperature of battery is higher than the upper bound of the monitoring
temperature (T}, ,;,, default value is set to 30 °C), the BTMS will start to remove extra heat from
the battery system. The amount of heat transfer will not change with temperature anymore when
the temperature of battery is higher than 40 °C (the upper bound of the monitoring temperature +
10 °C), as shown in Eqn. (17).

detms
dt

= _Kbtms ' min(Tbat - Tb,upflo); where Tbat = Tb,up

(17)
Where, Qp¢ms 1 the heat added to or removed from the battery by the BTMS (J). When the
temperature of battery is lower than the lower bound of the monitoring temperature (T ;o1
default value is set to 10 °C), the BTMS will start to add extra heat and to increase the
temperature of the battery system. The amount of heat transfer will not change with temperature
anymore when the temperature of battery is lower than 0 °C (the lower bound of the monitoring

temperature - 10 °C).

detms
dt

= Kpems * Min(Tp 10w — Thar,10), where Tpae < T jow (18)

Accordingly, the energy provided for the BTMS working is calculated through the efficiency

fbtms~

The heat transfer from/to the battery system is not only with the BTMS, but also related
to the ambient, the HVAC system. Eqns. (19-20) describe these heat transfer relationships.

dTbat
bat dt

detms + deat
dt dt

=Kap (Ta - Tbat) + Kbc(Tc - Tbat) +
(19)
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dT.
¢ dt

erad + thvac

= Kac(Ta - Tc) + Kbc(Tbat - Tc) + dt

(20)

Where, Cj,; is heat capacity of battery (J/K); C. is heat capacity of vehicle cabin (J/K); T, is the
temperature of ambient air (°C); T4 1S the temperature of battery (°C); T, is the temperature of
vehicle cabin (°C); ; Qpupac 1S the heat added to or removed from the cabin by the HVAC system
(J); Qyqq 1s the solar irradiance, which is set as 0, a default value.
3.1.4. Battery charging module

The battery charging process is similar to the battery discharge except for the direction of
energy flow. During battery charging, the variations of the battery capacity and the battery
temperature are considered by the battery electric-thermal module, and the battery aging
impacted by the electrochemical reactions is also considered by the battery aging module.
Because of the heat generated from the battery charging, the charger level, or more specifically,
the charging power, impacts the energy transfer from/to the HVAC system and BTMS. However,
unlike the battery discharge for moving the vehicle, the battery charging does not need to
evaluate the regenerative energy from the RBS. Since the BREVO model has a driving profile, it
can filter and count the locations where the vehicle stops for longer than 10 minutes, which are
regarded to be potential for charging. This paper assumes that the driver’s home is available for

charging when the battery SOC is less than 0.2.

3.2. The driver-end features in the BREVO model

The driver-end features in the BREVO model provide the yearly second-by-second

driving profile for simulating the vehicle powertrain and battery lifetime under real-world
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driving conditions. Thus, the daily/monthly trips, the driving cycles in a specific trip, and the
local temperatures during the specific trips are all created by the BREVO model. Figure 2
presents the logic flow to create the real-world second-by-second driving profile in the BREVO
model. Based on the National Household Travel Survey (NHTS) trip information [59], driving
profiles for each trip, and the corresponding local ambient temperature data, we can create a
year-round driving profile for a random driver in a specific location in the U.S. For
simplification, we assume the driving profile in other years repeats the driving profile for the first
year, so this study can simulate the real-world driving patterns for BEV in the BREVO model.
The pseudo-driving profile also provides effective information on the trip destinations and dwell

times, so the BREVO can be used for optimizing the charging based on driver patterns.

Temp.erature. National Household
Geographic Locations Travel Survey 2017

Temperature Temperature

Vehicle Speed Profile in Day X

emp @ 0:00

Temp @ 12:00

emp @ 23:0!
//' -

Speed (m/s)

Driving Cycle Query Table |
Driving Cycle 1,

Time (s)

Driving Cycle j,

Driving Cycle m

EPA Urban Dynamometer Driving Schedule (UDDS)
EPA Highway Fuel Economy Test Cycle (HWFET)

Figure 2. Driver-end features of BREVO model.

To begin with the creation of the yearly second-by-second driving profile for vehicle

drivers, this study uses the trip information from the NHTS as the driver patterns for simulation.
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The trip includes the daily travel information for a whole year from different drivers and
locations in the U.S. Each trip includes information such as begin time, driving distance, driving
time, end time, begin location, and end location. Based on the trip information, the driving
average speed and driving purpose in each trip is also obtained. All the trip information provides
the skeleton of the travel patterns for each day in a year. The study randomly picks the trip

information to make up a random driver’s yearly trip information in a specific location.

The Urban Dynamometer Driving Schedules (UDDS), and the Highway Fuel Economy
Test Cycle (HWFET) are regarded to be the most common driving cycles for U.S. private drivers
and are often used for vehicle and fuel emissions testing by the U.S. Environmental Protection
Agency (EPA). To create the second-by-second vehicle speed profile, this study cuts the driving
cycles into several slices and puts them in a driving profile pool. The slice numbers can be
customized by the BREVO model: in this paper, two slices of the HWFET driving cycles and
four slices of the UDDS driving cycles are created. Based on the criterion — trip average speed
and trip driving time that we obtain from the NHTS trips, the BREVO model automatically
generates a new second-by-second driving cycle profile for specific trips by matching and

connecting the driving cycle slices from the driving profile pool.

In addition, this study matches the atmospheric temperature data, collected from the

National Oceanic and Atmospheric Administration (https://www.ncdc.noaa.gov/cdo-

web/datasets), with the trip driving profiles based on the trip beginning time, trip end time, and

trip locations. The atmospheric temperature will work as the ambient temperature for the BEV
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simulation in the BREVO model. The atmospheric temperature is collected hourly, so this study

assumes the ambient temperature within the same hour does not change.

3.3. The use of BREVO model
Implemented and coded using Microsoft Excel® for Windows and Visual Basic Analysis

(VBA), the BREVO simulates the impacts of different vehicle-, battery- and driver- features on
long-term battery capacity evolution. Considering the vehicle-, battery- and driver- features vary,

this study releases the BREV model on GitHub (https://github.com/ous-ornl/brevo), which will

be convenient for the public to use and to customize the features, such as the powertrain metrics,
the battery experimental data, and the driver travel patterns. The main interface of the BREVO
model is shown in Figure 3. The users can change the values in the Initial Inputs box and the
Charging box, such as temperature and simulation time step; also, the users can set up the
HVAC, BTMS, RBS, and Charger Type based on the scenarios needed. In the Results box, the
users can see the summarized information when the simulation is done, more detailed results for
each day can be found in the worksheet tab - Results. When beginning the simulation, the user
needs to click the button — 7rip Simulation, and then select all the daily trip files (.xIs or .xlsx
format). The BREVO model will start to run till the end. The user can click the button — Reset to
Default for resetting the model. The defaulted daily trip files for the New England area have
been uploaded to GitHub as well for users to test. The user should extract all daily trip zip files
(Boston_DayTrips_Partl.zip to Boston_DayTrips Partl.zip) into one folder before selecting

these daily trip files.
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Trip Simulation Reset to Default Charge
Initial Inputs Results
Parameters Units Descriptions Value Outputs  Units Descriptions Value
SOC_Initial Battery state of charge at initial stage 0.800]| Cumulative Information
T_acharg C Temperature of ambient air when chan 25.00| C_bat Ah Battery remain capacity by the day end 198.500|
T b °C Temperature of battery 25.00| o] Day Cumulative battery using time (run+charg) 0.000)|
T c ’C Temperature of vehicle cahin 25.00| VMT Mile Cumulative vehicle miles traveled 0.000)|
At run second Time step for vehicle running 1.000| Q_acc kah Accumuated capacity output of battery throughout battery |it 0.000)|
At_stp/chg second Time step for vehicle stop/charging 5.000| t_run Hour Cumulative vehicle running time 0.000|
At_age second Time step for calculating aging 50.000|
Charging
HVAC system Vehicle air conditioning system Off| Results Units Descriptions Value
BTMS Battery thermal management system Off] 50C_hgn Battery state of charge at charging begin
RBS Regenerative braking system Off] S0C_end Battery state of charge at charging end
Charger Type Type of charger Level 1 E_charg kwh Charged energy
t_charg mins Charging time spent (mins)
c_charg s Charging cost
T_acharg *C Temperature of ambient air when charging
D_charg  mins Cummulative charging time {mins) 0.000)|
DayTrips Complete the day trips or not
Main Bat Elec-The Bat Age Veh Dyn Chrg DayTrip Results +

Figure 3. The main interface of the BREVO model.

In addition to the Main tab, the BREVO model allows the user to customize the battery-
related settings, vehicle and powertrain metrics, and driver travel patterns based on their
demands. The tab — Bat Elec-The includes battery general information, heat transfer, and thermal
management system information; in addition, the user can revise the metrics shown in Table 8
and Table 9 based on their real experimental results. The model will automatically look up the
table, quickly build up the fitting equations, and calculate the results through the interpolation of
the fitting equations. Similarly, the users can change the battery aging information in the Excel
tab — Bat Age, vehicle information in the Excel tab — Veh Dyn, and charging information in the
Excel tab — Chrg. The Excel tab — DayTrip is used for generating daily pseudo-second-by-
second driving cycles if the users have only trip information, for example, the NHTS
information. For creating the pseudo, the users should first input the trip information following
the format shown in the tab — DayTrip, then click the button — 7rip Generator, and the users will
need to select all the driving cycles Excel files, which can be downloaded and unzipped from the
GitHub (DrivingCycles.rar). The last Excel tab — Results will show all daily simulation results

including information on battery, vehicle, and travel patterns.
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4. Results and Discussions
4.1. DC fast charging could cause up to 22% less battery capacity than L1
charging

To compare the impacts of different charging levels on battery aging, this study creates
the yearly second-by-second driving profile of a random driver from New England. The travel
patterns and trip features of this random driver are shown in Figure 4. In summary, the annual
travel mileage of this random driver is about 13,234 miles, and a total of 1374 trips are driven in
a year. The distance of over 95% of these trips is less than 30 miles, and the travel time of over
81% of these trips is less than 30 mins. The driver’s most frequent destinations are areas in
Massachusetts, Vermont, New Hampshire, Connecticut, and Rhode Island. Therefore, the BEV
with a battery size of 198.5 Ah can meet most daily trips of this random driver. In fact, this study
assumes the driver uses overnight charging only unless the driver cannot complete the trip in a
specific day; and the model results show that the overnight charging method fails to meet the

travel demands of two days only in a year.
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Figure 4. The travel patterns of a random driver in New England.

Based on the driving profile described above, this study uses the BREVO to compare the
BEYV usage by charging with the Level 1 (L1) charger and the DC FC respectively to quantify
the impacts of charging level. For the L1 charger, the charging power is 1.8 kW, the maximum
charging voltage is 120 V, and the charging efficiency is 85%. For the DC FC, the charging
power is 60 kW, the maximum charging voltage is 480 V, and the charging efficiency is 85%. In
addition, the model assumes that the drivers will not charge the car if the available battery energy

is enough to complete the trips the next day.

The BREVO model calculates the remaining battery capacity levels, and the results are
presented in Figure 5. The initial battery capacity of the BEV is 198.5 Ah, equaling 100% battery
capacity percentage when the simulation starts. Clearly, the battery’s state of health fades as a
function of time, and the charging method also impacts the battery’s aging speed. By the end of

the 10™ year, the average remaining battery capacity reaches 86% of the initial battery capacity
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by using the L1 charger as the only overnight charging method; the remaining battery capacity
reaches 67% of the initial battery capacity by using DC FC as the only overnight charging
method. The average battery remaining capacity after using the DC FC for ten years as the only
overnight charging method is up to 22% lower than it is after using the L1 charger. In addition,
Figure 5(b) gives the remaining battery capacity along with the driving mileage by every 1000
miles. It shows the general trend of the remaining battery capacity decreasing, and the waves

show the seasonable (temperature) impacts on the remaining battery capacity.

(a) 100%
90% '\M .
80% -

70%

60%

50%

40%

30%

20% —e—L]1 charging (1.8 kW)

Battery capacity percentage

10% —o—DC fast charging (60 kW)
0%
1 2 3 4 5 6 7 8 9 10
Year
(b) 100%
o vW\/\/‘v\/\f‘Wﬁ
EI’ 80% X .
£ 70%
3]
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%‘ 50%
2 40%
9
B 30%
2
E 20% | —e—L1 charging (1.8 kW)
10% —o—DC fast charging (60 kW)
0%
0 20 40 60 80 100 120 140

Mileage (x1,000 miles)

Figure 5. (a) The remaining battery capacity (by percentage) by year; and (b) the remaining

battery capacity (by percentage) by mileage.

4.2. BTMS favors the battery lifetime
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The BREVO model integrates the HVAC system, RBS, and BTMS so it can quantify the
performance of these subsystems for prolonging the lifetime of the BEV’s battery. Figure 6
shows the comparisons of the relative remaining battery capacity after one year of driving profile
simulation under different scenarios. The benchmarking is the scenario where the BEV runs on
the driving profile with HVAC off, RBS off, and BTMS off. The BTMS On is the scenario
where the BEV runs on the driving profile with only BTMS on. The HVAC On is the scenario
where the BEV runs on the driving profile with only the HVAC system on. The RBS On is the
scenario where the BEV runs on the driving profile with only RBS on. Clearly, the results show
that BTMS is beneficial in delaying battery degradation in the BEV. The remaining battery
capacity with the BTMS improves by 0.5% relative to the benchmark; however, the use of the
HVAC system can speed up the battery degradation. The RBS does not have remarkable impacts
on the remaining battery capacity. Noticeably, the driving profile used for the simulation is the
same as the one in the previous section, which is the driving profile for a random driver in the
New England area. Therefore, the impacts of these subsystems (BTMS, HVAC system, and
RBS) could vary under different locations or travel patterns. In addition, the simulation is only

for one-year impacts, so longer impacts on battery degradation still need more research.
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Figure 6. Remaining battery capacity (%) relative to the Benchmarking scenario.

4.3. Ambient temperature impacts the battery lifetime
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Figure 7. The average temperature in the New England area (including Boston metropolitan

area) and in the Los Angeles metropolitan area, respectively [60].
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The temperature is a critical factor to determine the battery usage for a BEV. As shown in
Eqn. (15-16), the ambient temperature changes the working temperature of the battery if no
BTMS is used for adjustment, and the battery working temperature can determine the battery
efficiency (by impacting the battery’s internal resistance) and the battery aging rate as well.
Figure 7 presents the yearly temperatures from the New England area (including Boston
metropolitan area) and the Los Angeles Metropolitan area respectively [60]. As shown in Figure
8, the temperature trends vary substantially: the average temperature in the New England area
changes from -4 °C in January to 21 °C in July; while the average temperature in the Los
Angeles Metropolitan area changes from 13 °C in January to 22 °C in August. Los Angeles
provides a more temperature-friendly environment for the BEV battery than the New England
area. To understand the impact of temperature on the vehicle battery lifetime, the BREVO model
controls simulations with the same BEV, the same random driver with the same travel patterns,
but with different temperature trend profiles: the New England area temperature; and the Los
Angeles temperature. The simulation results are shown in Figure 8. After the simulation for a
one-year driving profile, the remaining battery capacity in the New England area drops to no
more than 92%, and the remaining battery capacity in the Los Angeles metropolitan area drops to
no more than 95%. As the battery continues usage in these two areas in the following years, the
differences caused by temperature could be even larger. In the 10™ year, the remaining battery
capacity in the New England area is about 81%, and the remaining battery capacity in the Los
Angeles metropolitan area drops to no more than 86%. It shows that the ambient temperature
could cause different health statuses of the battery: the BEV’s battery capacity is 6% more in the
Los Angeles area than in the New England area after 10-year use when the driver patterns and

vehicle are the same.
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Figure 8. Remaining battery capacity (%) by week in a calendar year.

5. Conclusions

This study presents the development of the BREVO model, which takes into account both
the vehicle-end features and the driver-end features related to BEV use. The model constructs
real-world driving profiles for the BEV powertrain, with a particular focus on battery
simulations. Additionally, this study reviews potential end-use factors that could cause battery
degradation and reduce battery lifetime, including driving patterns, charging behavior, terrain,
ambient temperature, charging power, and calendar degradation. It aims to quantify the battery
degradation impacted by charging and driver’s travel patterns and provide insights to inform

stakeholders involved in BEV battery design and the electric vehicle market.
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This study reveals that the DC FC, while beneficial to BEV users by saving time, can
cause battery degradation, resulting in a maximum of 22% less battery capacity compared to
daily Level-1 charging for a random driver located in the New England area after ten years of
use. The BTMS can help to delay battery degradation by about 0.5% compared to a BEV without
the BTMS after simulation with a one-year driving profile in the New England area. The ambient
temperature also impacts BEV battery degradation, as the simulation example shows that a
warmer temperature, such as that in the Los Angeles metropolitan area, allows the BEV to
remain at a higher battery capacity level for driver usage than when used in the New England

arca.

The study's contributions lie in creating a modeling framework for investigating the
impacts of vehicle-end features and driver-end factors on BEV battery degradation and its
coupling with the whole BEV powertrain system. However, this study at the current stage still
has some caveats and limitations that need much effort to improve in the future.

o First of all, the premise of the analysis is that the battery is lithium-ion material, and the
battery experiment test data are collected through the publications. The test data for
battery and the vehicle powertrain features and design parameters vary for different
BEVs, and they should be updated for different vehicle models or battery designs.

e Secondly, the relation between the DoD and the discharge cycles, as shown in Table 3, is
simplified with a fitting equation. However, from a battery pack perspective, the
discharging cycle numbers depend on not only the chemistry but also other factors such

as the battery design and the testing protocols.
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The experimental data for specific battery types and BEV types are needed for
improving the simulation accuracy. For example, the thermal model discussed in Section
3.1.3 presumed that an average temperature of the battery system applies to all battery
cells; However, this simplifies the complexity of the battery system since a high-
temperature gradient exists within the battery [61]. The analysis and model will be
updated and improved, as more real-world data becomes available from BEV drivers and
manufacturers.

In the next phase of the BREVO model, it will integrate with reinforcement learning to
help the consumer to optimize the decisions on charging (charging rate, charging time,
and charging capacity needed) based on the objection function which considers both the
long-term goal — an extension of battery remaining capacity, and the short-term goal —
relief the electric range anxiety.

At last, the BREVO model and relative supported files can be downloaded on GitHub

(https://github.com/ous-ornl/brevo). The password for access to the code in VBA of the BREVO

model is available from the author upon request. A new version of the model will be released

based on external and internal feedback as well.
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