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ABSTRACT

As an electrical vehicle (EV) power source, a lithium-ion battery (LIB) is essential in enabling
electric mobility growth. However, the high LIB cost, evolving LIB electrode chemistry, and EV
range anxiety limit LIBs' market growth. In this paper, we present a system dynamics model to
analyse the interrelationship between battery capacity (Battery OEMs), battery electrode
composition, range anxiety (EV owners), subsidy (Government), and their effect on LIB cost
(per kWh) and market demand. Our study shows that range anxiety's impact on EV sales
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diminishes with average battery capacity increment. Higher LIB subsidy and low raw materials
costs (based on battery capacity and LIB electrode composition) will result in higher LIB
demand. We observe that LIB demand increases even when no subsidy exists. Our study will
help the government and the industry to contextualise the subsidy policy and marketing

strategies for LIBs for different consumer segments.

1. Introduction

The decarbonisation of road transportation is imperative
to achieving an overall reduction in global carbon emis-
sions. In 2019, the transport sector accounted for 24% of
global-energy-related CO, emissions, of which road
transport (passenger vehicles, buses, and two-three
wheelers) accounts for 74% (Pales et al., 2020). Electric
Vehicles (EVs), by virtue of their “zero tailpipe emis-
sion”, will play a significant role in reducing this carbon
emission. The substitution of internal combustion engine
(ICE) vehicles with EVs in the fleet has the impressive
potential to reduce greenhouse gas (GHG) by one-half to
two-thirds in 2030 (Abergel et al., 2020). However, GHG
emissions reduction will depend on the successful pene-
tration of EVs in the road transport segment.

The market share of EVs is predominantly con-
trolled by their price and driving range — both these
parameters are strongly influenced by the Lithium-Ion
Battery (LIB) that stores the electrical energy of the
EV. The high energy and power density, low self-
discharging, long cycle and calendar life, and safety
in various operating conditions make LIB the pre-
ferred choice for EVs (Zhang et al., 2019).

Making affordable EVs depends on our ability to
reduce the cost of LIB as it contributes to 30-40% of
the cost of EV (V. Henze; BloombergNEF, December 16,
Henze, 2020). LIBs’ cost reduction per kWh (battery cost
per energy unit) depends on LIB demand (Kittner et al.,
2017; Nykvist et al,, 2019). An increase in EV sales, the
need for a larger battery capacity (for EV range

enhancement), and LIB replacement contribute to the
demand for LIBs.

EV sales depend on the cost of LIB, the subsidy
given on EVs, and range anxiety related to EVs (Goel
etal, 2021). EV subsidy depends on government poli-
cies, whereas LIB cost and range anxiety depend on
LIB chemical composition and battery capacity
(Abergel et al., 2020; Azevedo et al., 2018; Bibra
et al., 2021; Pevec et al., 2020). Subsidy reduces the
EV upfront cost and boosts the LIB demand through
EV sales increment (Huang et al., 2021). United States
of America (USA) offers US$ 7500 as an initial subsidy
that gradually decreases as original equipment manu-
facturers (OEMs) EVs sales reach 2,00,000 units
(Abergel et al., 2020), whereas, in China, the direct
subsidy varies between (13,000-18,000) Yuan in 2021
based on the difference in EV range (C. Shi; metalbul-
letin.com, January 05, Shi, 2021).

LIBs used in EVs differ in the battery capacity of
LIB. The battery capacity of a LIB is the total energy
stored in a given battery and altered by varying battery
mass and energy density. Large capacity LIBs enable
EVs to cover long distances than low-capacity LIBs
leading to a more extended range (Myung et al., 2017).
Hence, large capacity LIBs improve the EV range that
alleviates the consumer’s perception of “Range anxi-
ety”. “Range anxiety” is defined as the psychological
barrier that forces drivers to think that due to the
limited capacity of the battery used in EVs, EVs will
be unable to cover their daily driving range require-
ment (Pevec et al, 2020). Hence, the range
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enhancement by using a large capacity battery can
reduce the range anxiety, but EVs’ costs increase by
using a battery having a larger capacity (Lim et al,,
2015).

Apart from alleviating the range anxiety and increas-
ing LIB cost, battery capacity also influences the charging
behaviour of EV users. Large battery capacity enhances
EV range and reduces EVs’ charging requirement to meet
the daily travelling requirement. An increased charging
frequency decreases the cycle life of LIB. EV needs LIB
replacement for proper functioning when it reaches the
cycle life limit (Beuse et al., 2020). LIBs having smaller
cycle life needs more replacement (Hao et al., 2019). An
increase in LIB replacement will boost LIB demand and
increase the total battery capacity installed for EVs.

Battery capacity also determines the quantity of active
and inactive materials in a battery pack. LIB’s price
depends on the amount of these materials in a battery
pack as material cost constitutes 50-60% of the cost of
a battery pack (Nelson, Bloom, & I Dees, Nelson et al.,
2011). An increase in raw material price will upend the
downward trend of battery cost per kWh by increasing
the total cost of raw material used for LIB (J. Wong; The
Wall Street Journal, July 22, Wong, 2021). Apart from
battery capacity, electrode chemical composition also
impact the raw material requirement. LIB electrode com-
position differs in the molar ratio of raw material used for
electrode, impacting the raw material demand that
causes raw material price fluctuation.

It is evident that the interrelationship between the
factors influencing the demand for LIB is quite com-
plex. Complexity arises due to interaction among vari-
ables through a feedback loop, delay in realising the
impact, and non-linearity due to interaction among
variables. An increase in battery capacity increases the
battery range, battery cost, material demand, and LIB
cost. In contrast, subsidy reduces the EV upfront cost
but is available for time bound as it increases the
financial burden on government (Shepherd et al,
2012; Till et al., 2019). Apart from this, variation in
electrode composition impacts the raw material
demand, which affects the LIB cost per kWh. Hence,
developing a systemic framework that captures
a dynamically complex system’s qualitative and quan-
titative aspects is imperative due to interconnection
and interdependence among variables. System
dynamics is a widely used methodology to explore
the dynamics of complexity that arises due to inter-
relationship among variables that coexist in the elec-
tric mobility market and impact the market dynamics
(Gomez Vilchez & Thiel, 2020; Keith et al., 2020;
Kieckhifer et al, 2014; Shepherd et al., 2012;
Struben, 2006; Thies et al., 2016; Vilchez & Jochem,
2019). Hence, we develop a system dynamics (SD)

model that explores interrelation among variables
that are impacting the LIB market and conduct in-
depth analysis in three directions:

e How does the interrelationship between range
anxiety and battery capacity impact the LIB
demand fluctuations in the battery market?

e What will be the impact of subsidy variations on
LIB demand?

e How does the consumers’ adoption of different
battery chemistry impacts the LIB market?

System dynamics methodology is widely used for
understanding the strategic impact of resource alloca-
tion (Gary et al., 2008; Kunc & Morecroft, 2007; Kunc
et al., 2017), diffusion of alternative power-train
(Harrison & Thiel, 2017; Keith et al, 2020;
Kieckhifer et al., 2014; Thies et al., 2016), automobile
service sector (Bagodi & Mahanty, 2006, 2013), impact
of financial support on alternative power-train diffu-
sion (Harrison et al., 2016; Keith et al., 2020; Pratap
et al, 2020) and many more areas. This is the first
attempt, to the best of our knowledge, to apply the
system dynamics model to analyse LIB market
dynamics and the impact of range anxiety on LIB
demand. We consider NMC variants and NCA bat-
teries in this study as these LIB variants are widely
used in the automobile sector (Abergel et al., 2020;
Pillot, 2019). We consider variables such as the driving
range of EV, range anxiety, LIB capacity, government
subsidy, and LIB electrode material composition and
cost and analyse their impact on the LIB cost and
demand. The model results highlight that battery
capacity increment reduces the range anxiety, and
capacity increment ceases when range anxiety reduces
to zero. EV sales increase with the reduction in range
anxiety, increasing the LIB demand in the market.
Battery capacity and raw material composition of elec-
trodes both impact the material cost per kWh for LIB.
LIB has a low material cost per kWh based on battery
capacity, and electrode composition has high LIB
demand. For high capacity LIB, range anxiety reduces
to zero earlier than low capacity LIB, and after-that
learning impact has a dominant impact on LIB
demand and LIB cost per kWh. Apart from this, the
high subsidy given in the initial phase of simulation
will increase the LIB demand compared to the case
when the subsidy value is low in the initial stage, and
this increasing trend in the market continues even
after the withdrawal of the subsidy. Our analysis
reveals specific unique observations, such as an
increase in LIB demand even when no subsidy exists.

This paper is organised as follows: Section 2 pre-
sents a literature review. Section 3 explains the causal



loop diagram, stock and flow structure, and variables.
Section 4 discusses the simulation results, and
Section 5 summarises the key findings.

2. Literature review

Across the globe, various researchers are working on
LIB to enhance LIB’s performance and affordability.
Researchers focus on ways to improve the battery
electrode composition that lowers the LIB cost (Cano
et al., 2018), enhance LIB’s energy density (Wu et al,,
2020), develop LIB with improved architecture
(Abergel et al.,, 2020), and improve charging infra-
structure (Bonges & Lusk, 2016). Apart from this,
researchers also focus on ways to mitigate range anxi-
ety (Lin, 2014; Xu et al., 2020) and explore the learning
effect on LIB cost per kWh (Hsieh et al., 2019; Kittner
et al., 2017).

Literature indicates that LIB demand and cost per
kWh are impacted by various factors. These factors are
interlinked to form a complex structure, and their
behaviour depends on the domination of various feed-
back loops. Many models are developed to predict
EVs’ market share influenced by LIBs’ demand. We
adopt the ideas proposed in the system dynamics part
of the hybrid simulation model of Kieckhifer et al.
(2014). The cost of EVs affects their demand, which
can be checked through government subsidies.

We explore the following topics previously found in
the literature: impact of subsidies on EV sales, material
cost, battery life, learning effect impact on LIB
demand, and range anxiety impact on EV sales.

Subsidies: Government subsidies on the price of
EVs are improving their market share. Shepherd et al.
(2012) analyse the market share of EVs based on the
amount and duration of subsidies given to EVs based
on the SD model. They find that EV market share
increased from 0.54% to 4.78% in the scenario when
a subsidy of 5000 is provided for six years. Wee et al.
(2018) analyse the impact of the state’s model-specific
EV policies on EV sales and find out that for subsidy
increase of US$ 1000 on a specific model will lead to
a 5-11% rise in registration of that model. Li et al.
(2020) explore the impact of subsidy on battery elec-
tric vehicles (BEV) sales using cues utilisation theory
and state that for every 1% increase in subsidy, BEV
sales will go up by around 0.075%. Pratap et al. (2020)
develop an SD model to analyse the impact of critical
raw material and subsidy on EV demand and found
that an increase in the subsidy will reduce the demand
fluctuation of EVs.

Material costs: LIB demand, battery capacity, and
LIB electrode (cathode and anode) chemical composi-
tion significantly impact raw material demand. LIBs
are available in different variants like lithium cobalt
oxide (LCO), lithium manganese oxide (LMO),
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lithium iron phosphate (LFP), lithium nickel cobalt
aluminium oxide (NCA), lithium nickel manganese
cobalt oxide (NMC) which are commercialised and
lithium-air (Li-air), lithium-sulphur (Li-S), sodium-
ion battery, Zinc-air batteries, and solid electrolyte
LIB are considered as future LIB variants (Cano
et al., 2018; Nitta et al., 2015; Van Noorden, 2014).
These LIB variants differ in electrode chemical com-
position and influence the LIB market demand (Cano
et al.,, 2018; Van Noorden, 2014). Increased LIB
demand and use of high capacity LIB will increase
the raw materials demand. Higher demand for raw
materials for LIB leads to an increase in the price of
raw material (Ciez & Whitacre, 2016). Azevedo et al.
(2018) estimate that in 2018, raw material used in
cathode will contribute 10% of the EV battery pack
cost. Ahmed et al. (2017) states that cathode active
material will contribute more than 20% of the cost of
NMC batteries. Vaalma et al. (2018) analysed the
impact of change in raw material price on total battery
cost and found that total battery cost increased by
5.7% by increasing the price of lithium carbonate by
4 times. Amit and Venugopal (2018) develop the SD
model to examine the effect of supply-demand
dynamics of LIB raw materials on electric mobility
transition.

LIB capacity: Another factor that influences the
cost of LIBs is their capacity. LIB capacity is deter-
mined by LIB mass and energy density of LIB. Depth
of discharge (DOD) and end-of-life (EOL) value (the
time when battery capacity reaches 80% of their nom-
inal capacity value) has a substantial impact on battery
capacity (Beuse et al., 2020; Bubeck et al., 2016). The
LIB pack’s energy density depends on the electrode
chemistry, battery mass, and EV architecture, and for
given electrode chemistry, it has a fixed upper bound
value (Quinn et al., 2018). LIB mass varies with the
amount of active and inactive materials in the battery
pack. Raw material proportion inside electrodes will
decide the battery’s energy storage capacity. Hence,
the quantity of active materials in the LIB pack will
influence the battery capacity and the weight of LIB.

Range anxiety: Technologically improved LIBs
with high energy density and large battery capacity
will enhance the range of EVs. Range enhancement
alleviates the “Range anxiety” which is defined as
psychological obstacles in the mind of potential EV
adopters regarding range limitation of EVs due to
limited battery size (Pevec et al., 2020). Range-related
apprehensions are the leading cause of range anxiety.
Pearre et al. (2011) states that 355 miles range of EV
covers the maximum distance travelled by all the cus-
tomers, whereas Cano et al. (2018) explores that range
of more than 300 miles will meet the demand of most
consumers. Research focuses on developing charging
infrastructure and charging station layout as a strategy
to minimise the range-related psychological barriers in
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potential adopters. Melliger et al. (2018) performed
a focus group study to explore the range requirement
for car users and found that battery electric vehicles
friendly infrastructure policy will increase the “BEV-
potential” to 100% (BEV-potential is used as
a measure to estimate whether range requirement of
the consumer is fulfilled or not).

LIB life: EV life and consumer driving behaviour
will impact EV demand and battery replacement.
Shepherd et al. (2012) explored that reduction of EVs
life from 14 years to 10 years will increase the number
of vehicles discarded per year and increase the total
new vehicle registration. Lower cycle life LIB needs
more replacement and hence increases the total
demand of LIB. Still, the replacement cost of LIB will
increase the total cost of ownership of EVs when EVs
accommodate battery replacement (Bubeck et al.,
2016). Beuse et al. (2020) stated that battery replace-
ment depends on calendric and cyclic lifetime.
Calendar life is a technology-specific value, whereas
cycle life is defined as the number of charge/discharge
cycles that LIB supports before its capacity fades to
80% of its initial value (Goodenough, 2012). Daily
charging frequency and days of use of EVs per year
limit the cycle life of LIBs. Franke and Krems (2013a)
conducted a field study for six months on 79 EV users
and found out that, on average, users charged their
EVs three times per week. Yang et al. (2018) analyse
the data collected by Shanghai Electric Vehicles Data
Center (SHEVDC) and state that the average daily
charging varies from 0.2 to 1.6.

These studies provide context for our research by
identifying the key variables. Based on the literature, it
is evident that uncertainty in EVs demand, market
volatility, price variability of raw material based on
LIB electrode chemistry, continual development in
performance characteristics, and continuously chan-
ging government policies in terms of subsidy bring
considerable uncertainty in the demand estimation of
LIBs. The coexistence of these variables makes
demand estimation of LIBs a complex phenomenon.
System dynamics, developed by Professor Jay
Forrester in the mid-1950s, is a widely used tool to
analyse these complex phenomena (Abbas & Bell,
1994; Shao & Jin, 2020; Sverdrup, 2016; Thies et al.,
2016). Hence, in this paper, we use system dynamics
modelling to analyse the LIB market’s evolution based
on interaction among variables that govern EVs’ mass
penetration and LIB replacement.

3. Methods

Rapid growth in EV market diffusion, varying govern-
ment policies regarding purchase subsidy, the demand
for high-range EVs, and continually evolving battery
chemistry bring dynamic complexity to the LIB mar-
ket. These factors are interlinked with each other

through the feedback system. Hence, we must develop
a holistic, systematic framework to explore the LIB
market complexity. System dynamics modelling is
a widely used methodology to understand the dyna-
mically complex system dominated by feedback loops
(Bagodi & Mahanty, 2013; Gémez Vilchez & Thiel,
2020; Keith et al., 2020; Kieckhifer et al., 2014; Kunc &
Morecroft, 2007; Shepherd et al., 2012). Hence, we use
the system dynamics approach to model the LIB mar-
ket ecosystem dynamics due to variability in LIB
affordability and performance characteristics. LIB
cost, LIB capacity, and raw material price fluctuations
influence LIB affordability, whereas LIB performance
is altered by changing battery capacity and electrode
chemical composition. We integrate equations from
the system dynamics part of the hybrid simulation
model of Kieckhifer et al. (2014) and Thies et al.
(2016) to draw the mathematical framework for our
simulation model. Apart from this, we integrate varia-
tions in subsidy, battery capacity, and range anxiety
impact on EV sales that impact the LIB demand in the
model. Variations in the battery capacity affect the
range anxiety and LIB cost by balancing and reinfor-
cing feedback loop.

3.1. Causal loop diagram

A causal loop diagram (CLD) provides a framework
that helps in visualising a dynamically complex system
that contains feedback, delays, and non-linearity
(Gary et al, 2008; Senge & Sterman, 1992).
Complexity in the model arises due to interconnection
and interrelationship among variables linked with
each other by a causal linkage that creates feedback
(Bagodi & Mahanty, 2006; Kunc & Morecroft, 2007;
Wolstenholme & Coyle, 1983). CLD has three main
components: causal links (shown by arrows) that
represent variable relation, loop polarity represented
by positive (+) or negative (-) sign to indicate the
change in the dependent variable in case of change of
independent variable, and loop identifier.

In this section, we explore the causal relationship
among variables using a CLD that provides the theo-
retical background for developing the system
dynamics model. Battery capacity, subsidy, LIB elec-
trode composition, and range anxiety are variables
interlinked through linkage to create a dynamically
complex system containing feedback and delays that
impact the LIB demand. Figure 1 shows the causal
loop diagram (CLD) to estimate the demand for
LIBs. CLD represents the causal relationships between
various variables in the system. We identify four feed-
back loops in the system: balancing loops — “Battery
capacity dynamics”, “LIB demand-replacement cycle”,
“Range anxiety cycle” and a reinforcement loop -:
Learning effect”.
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« Balancing loop, B1 - Battery capacity dynamics:
Total Battery capacity installed | = Raw material
demand T = Raw material price T = Battery
price T = EV price T = EVsales | = LIB
demand | = Total Battery capacity installed |

“Total Battery capacity installed” loop explains the
impact of the variations in total battery capacity
installed on LIB cost. In this loop, the total battery
capacity installed is defined as the product of the
battery capacity of a LIB and LIB demand, as shown
in Figure 2. The total battery installed increases with
an increase in LIB demand. Raw material demand
increases with the increment in total battery capacity
installed in EVs, which leads to a surge in battery
price. EV price will increase with the battery price,
reducing EV sales. EV sales and EV socks influence
LIB demand. Reduction in EV sales EV stock (reduces
the LIB replacement) reduces the LIB demand.

« Balancing loop, B2 - LIB demand-replacement
cycle: Battery price T = EV price T = EV sales
| = EVstock | = LIBreplacement | = LIB
demand | = Total Battery capacity installed | =
Raw material demand | = Raw material price |
T = Battery price |

An increase in battery price will decrease EV sales,
reducing EV stock. LIB replacement depends on EV
stock. Hence, a decrease in EV stock with the reduc-
tion of EV sales will decrease the quantity of LIB that
needs replacement. As LIB demand depends on EV
sales and LIB replacement, a decrease in EV sales and
LIB replacement will reduce LIB demand, leading to
a reduction in raw material demand, raw material
price, and battery price.

« Balancing loop, B3 - Range anxiety cycle: Battery
capacity T = Range T = Range anxiety | =
Battery capacity |

Battery capacity increment leads to an increase in
EVs’ range as more energy is available for EVs to
cover the travelling requirement of consumers.
Range enhancement reduces range-related anxiety
and hence, minimizes range anxiety. As the range
anxiety reduces, it will reduce further increment in
the battery capacity that ceases when range anxiety
becomes zero.

+ Reinforcing loop, R1 - Learning effect: Total
Battery capacity installed T = Experience accumu-
lation factor T = Battery price per kWh | =
Battery price | = EVprice | = EVsales | =
LIB demand | = Total Battery capacity installed 7

Increment in total battery capacity installed in EVs
leads to an increased accumulated experience that
reduces the LIB cost per kWh through the learning
effect of economies of scale. According to the learning
curve concept (governed by a power law), an increase
in cumulative LIB installed will lead to a declining
trend in battery production costs per kWh. EV price
reduces with the decreases in battery price, increasing
EV sales and LIB demand.

3.2. Stock and flow diagram

The Stock and Flow Diagram (SFD) captures mathe-
matical relationships between variables. A stock and
flow diagram provide the framework for model simu-
lations. Figure 2 represents the SFD of the model. We
use Vensim®Pro Software (Version 6.4E) to build the
SED. Model variables are categorised as stock, flow,
and auxiliary. A rectangular box symbolises stock
variables, whereas a valve symbol represents flow vari-
ables, and no symbol is used for auxiliary variables.
A stock variable represents the level or inventory value
at a given time. The flow variable expresses the rate of
quantities changes to or from a given stock. It is always
expressed as a function of time. Stock variables are
changed based on variations in flow variable values.
Clouds outside the model boundary represent the
source or sink of the flow variable. Figure 2 has some
feedback loops that represent non-linearity due to
interaction among variables that impact the LIB
demand. Those loops are represented as feedback
loop learning effect, range anxiety, LIB demand-
replacement cycle, and battery capacity dynamics.
Detailed explanation of model variables are included
in Appendix Section A.

4. Results and discussion

We use Vensim® Pro Software (Version 6.4E) to
develop the model that is simulated for 15 years with
INITIAL TIME = 0, FINAL TIME = 15, and
TIMESTEP being 0.25 years. In this section, we
explore the impact of variations in battery capacity,
subsidy, and LIB electrode composition on LIB
demand and LIB cost per kWh by conducting
a scenario analysis. In each defined scenario, battery
capacity is incremented yearly during the simulation
period to mitigate the impact of range anxiety by
battery mass increment. Battery mass increment
ceases when the range anxiety becomes zero. In
Scenario 1, a different initial battery capacity is
selected for each EV, whereas we fixed the battery
capacity in Scenario 2 and Scenario 3. LIB electrode
composition varies in Scenario 3 whereas, in scenarios
(Scenario 1 and Scenario 2), we consider only the
NMC622 battery electrode. In all scenarios, subsidy
varies according to scenarios defined in Table Al in
Appendix Section A.

Different scenarios are analysed in the format of
“XY?”, where X is battery capacity in kWh, Y represents
subsidy in US$ defined by different scenarios in Table
Al for each EV. Battery capacity varies between “60-
90” kWh, and charging frequency has fixed value 3
cycles per week (Beuse et al., 2020; Franke & Krems,
2013b) for all scenarios. We derive subsidy values
based on data published on the government website
and (Abergel et al., 2020; Till et al., 2019). Based on



scenarios, subsidy varies in periods 3, 6, and 9 by using
“STEP” function in Vensim as shown in Table Al.
“SUB5” indicates that subsidy withdrawal during the
simulation period, and hence there is no subsidy on
EV purchase in this scenario.

4.1. Model validation

We followed various validation methods mentioned in
the literature to ensure the appropriateness of our
model for the analysis (Barlas, 1989, 1996; Taylor
et al., 2010). We performed some tests to accumulate
confidence about our model’s usefulness, applicability,
and simplicity (Ford & Flynn, 2005) as we have no
method that establishes the correctness of the system
dynamics model.

Structural validity tests help validate the model’s
resemblance to a real-world system. We believe our
model can be validated for structural soundness and
appropriateness using structural validity tests for the
following reasons: (1) Our model structure is similar
to existing simulation models that analyse the LIB
demand variation in literature. (2) The equations con-
necting the model variable are checked for connection
with the existing system and dimensional consistency.
(3) Equation connecting variables are based on well-
defined theories, such as learning effect, range anxiety,
battery capacity, etc., defined in the literature.

Apart from this, we conduct a structure-oriented
behaviour test to detect structural flaws in the SD
model by assigning extreme values to the model vari-
ables (Barlas, 1996). The model is tested for the fol-
lowing scenarios: (1) Range anxiety has no impact on
EV sales and the condition in which range anxiety
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impacts EV sales. (2) Impact of varying charging fre-
quency on LIB demand. In both scenarios, we consider
average battery capacity as 60kWh for NMC622 LIB,
subsidy on EV purchase as SUB 1 (scenario defined in
Appendix Section A, Table Al), and charging fre-
quency between 1 and 7 cycles/week. Figure 3 shows
the variations in LIB demand in the scenario
“60SUBL” when range anxiety impacts the EV sales.
This condition is denoted by label “With range anxi-
ety”, and label “Without range anxiety” denotes the
condition when range anxiety does not impact EV
sales. In Figure 3, LIB demand reaches 4.73 million
units/year under condition “Without range anxiety” at
the end of period 15, while in situation “With range
anxiety” LIB demand will reach 2.7 million units/year.
Figure 3 shows that range anxiety substantially
impacts LIB demand. We find that LIB demand
increases if range anxiety impact is not considered in
the model.

In other scenarios, we vary the charging frequency
between 1 and 7 cycles/week (where 1 cycle/week
(CF1) denotes minimum charging frequency, whereas
7 cycles/week (CF7) denotes maximum charging fre-
quency). A lower charging frequency reduces the
quantity of LIB replaced, whereas a high charging
frequency increases the LIB replacement. LIB demand
is linked with LIB replacement. Hence, high replace-
ment leads to higher demand than low LIB replace-
ment, as shown in Figure 4.

4.2. Scenario 1: Battery capacity scenarios

In this scenario, we analyse the impact of variation in
average battery capacity (by changing the battery

5M

45M

4M

35M

3M

25M

units/Year

2M

1.5M

500,000

0

0 1 2 3 4 5 6

Without range anxiety

Figure 3. Validation: LIB demand variation between periods 0-15.

7

8 9 10 11 12 13 14 15

Time (Year)

With range anxiety 2 2 2 2
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7

8 9 10 11 12 13 14 15

Time (Year)

CF7

Figure 4. Validation: LIB demand variation between periods 0-15 with varying charging frequency.

mass) on the LIB cost per kWh and the LIB demand.
The average battery capacity (at the beginning of each
simulation) varies between “(60-90)kWh” to capture
the average increase in battery capacity projected by
the International Energy Agency (IEA) in different
reports on EVs (Abergel et al.,, 2020; Bibra et al,
2021; Till et al., 2019) for 2019-2030. An increase in
battery capacity has a two-fold effect. It reduces the
range anxiety by enhancing the EV range (feedback
loop B3, Range anxiety cycle in Figure 2; Refer to
Appendix Section A, Eqs A1-A8) but at the same
time, battery capacity increment will increment the
cost of the raw materials (feedback loop Bl Battery
capacity dynamics) and increase the experience by
increasing the total installed capacity (feedback loop
R1 Learning effect in Figure 2) and combined impact
of reinforcing feedback loop R1 and balancing feed-
back loop B1 impact the battery cost that will impact
the EV sales (Refer to Appendix Section A, Eqs Al3-
A22). Battery capacity increment ceases when range
anxiety becomes zero, and after that, battery cost is
governed by the dominant reinforcing loop Rl as
range anxiety has no impact on EV sales. In scenario
“60SUBL”, due to low battery capacity in periods “0-
3”, LIB cost is low (due to dominance of feedback loop
R1), boosts the EV sales, which increases the LIB
demand. During periods “3-7”, battery capacity
attains a higher value that increases the LIB cost (due
to the dominance of feedback loop B1) and reduces
the LIB demand. Between periods “6-15, the LIB
demand shows a steep increase as the range require-
ment is fulfilled by the battery capacity; hence, the

range anxiety is zero. After period 6, battery capacity
remains fixed, and LIB cost is decreased due to the
learning effect that increases the LIB demand. Similar
phenomena are observed in other average battery
capacity scenarios. Due to high capacity, range anxiety
reduces to zero in periods 1-2 for 90 kWh capacity LIB
and in periods 3-4 for 80kWh capacity LIB. The
learning effect feedback loop R1 is dominant over
battery capacity dynamics feedback loop Bl after the
period when the range anxiety is zero (as battery
capacity increment ceases after the period when the
range anxiety is zero). Hence, in period 15, the LIB
demand in scenario “90SUB1” is greater than in sce-
nario “80SUB1”. This result is counter-intuitive as LIB
having a high battery capacity (90 kWh) has a high
cost, yet the demand is more than the low battery
capacity LIB (70-80)kWh. It happens due to the
early dominance of the feedback loop R1 over feed-
back loop Bl in the case of high capacity LIB compare
to low capacity LIB (Refer to Figure 2). LIB demand in
scenario “90SUB1” is 6% higher than the LIB demand
in “70SUB1” and LIB demand in scenario “60SUB1” is
23% higher than that of LIB demand in scenario
“90SUBI1” as shown in Figure 5.

The increase in LIB demand leads to increases in
the learning effect of economies of scale, which
reduces the LIB cost per kWh. Therefore, Figure 6
shows a decreasing trend in LIB cost per kWh and
reached the value between US$ 110/kWh- US$ 120/
kWh in period 15. LIB cost per kWh lowest in scenario
“60SUB1” in period 15 as it touches the value US$
110/kWh.
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Figure 5. LIB demand with variation in battery capacity.
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Figure 6. LIB cost per kWh with variation in battery capacity.

4.3. Scenario 2: Subsidy scenarios

In this scenario, similar to Scenario 1, the average
battery capacity varies by incrementing battery mass
to nullify the impact of range anxiety on EV sales.
Apart from this, the government provides subsidies
on EV purchases defined in Table Al in Appendix
Section A. Subsidy reduces the EV upfront cost that
makes the EV more affordable, leading to an increase
in EV sales, EV stock, and subsequently more LIB
replacement over time (Refer to Appendix Section A,

8 9 10 11 12 13 14 15

Time (Year)

80SUBI1 3 3 3 3
90SUBI1 4+ 4+ 4+ + 4 4+ +

Eqs. A9-A12 and Eqs. A23-A24). Subsidy withdrawal
will increase the EV cost, which will reduce EV sales
that lead to a decrease in LIB demand. Figure 7 repre-
sents the variations in LIB demand with varying sub-
sidies. The dip in demand occurs due to the
withdrawal of subsidies (period 3 for SUB2, period 6
for SUB3, and period 9 for SUB4). LIB demand
increases in period 9 for scenario “60SUB1” as range
anxiety becomes zero in period 9 (range anxiety feed-
back loop B3 remains ineffective). After that, the
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Figure 7. LIB demand with variation in purchase subsidy.
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Figure 8. LIB cost per kWh with variation in purchase subsidy.

feedback loop R1 Learning effect in Figure 2 domi-
nates the battery capacity dynamics loop B1 that low-
ers the LIB cost between periods 9-15. LIB
replacement (Refer to feedback loop B2 in Figure 2)
and EV retirement (EV life 12 years) also impact the
LIB demand. The demand for LIB is highest for full
subsidy (SUB1) and lowest for non-subsidy (SUBS5;
Figure 7 and vice versa for the cost of LIB per kWh
(Figure 8).

In period 15, the LIB demand in full subsidy (SUB1) is
73% higher than the LIB demand in varying subsidy
scenarios (SUB4) and is 164% higher than the no subsidy
(SUBS5) scenario. On the contrary, the LIB demand in the
changing subsidy scenario (SUB4) is 53% higher than
that in the no subsidy scenario (SUB5). LIB cost per kWh
in the SUB5 scenario is 21% more than in the SUBI
scenario (Figure 8). Figure 7 shows that in no subsidy
scenario (SUB5), LIB demand shows a higher increasing
trend in the market (after the period when range anxiety
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Figure 9. LIB electrode composition impact on LIB demand.

is zero) compared to varying subsidy scenarios (SUB2-
SUB4) (Refer to Table Al in Appendix section A) due to
the higher impact of subsidy variation on the dominance
of feedback loop R1 over Feedback loop BI.

4.4. Scenario 3: Change in LIB composition
scenarios

In this scenario, we consider fixed average battery
capacity (60 kWh), subsidy on EV as SUB5 scenario
explained in Table Al (Refer to Appendix Section A)
and vary the chemical composition of LIB electrode by
changing electrode chemistry and considered NMC
variant (NMC811 and NMC622) and NCA LIB as
these LIBs will dominate the LIB market till 2030 as
forecasted by Abergel et al. (2020); Pillot (2019). The
quantity of raw materials (based on the chemical
composition of the LIB electrodes) will significantly
affect the LIB cost through feedback loop B1 shown in
Figure 2. The variation in the chemical composition of
the LIB electrode will influence the LIB cost as LIB
electrode differs in chemical composition and molar
ratio of raw material that constitute electrode as
shown in Table A2 and Table A3 in Appendix
Section A (Refer to Appendix Section A, Egs. A13-
A16). LIB having a higher amount of Cobalt (Co) like
lithium nickel manganese cobalt oxide 622 (NMC622)
(622 denotes the ratio of nickel (Ni), Co, and manga-
nese (Mn) on a mole fraction basis) will have a higher
cost than LIB having a lower quantity of Co (NMC811,
NCA) due to the high cost of Co as shown in Table A2
and Table A3 (Refer to Appendix Section A). High
NMC622 cost compared to NMC811 and NCA leads
to a decrease in EV sales, further reducing LIB

8 9 10 11 12 13 14 15

Time (Year)

NMC622

demand, as shown in Figure 9. Model results indicate
that LIB demand for NMC811 is 312% high compared
to NMC622.

5. Conclusions

The diffusion of EVs in the mobility sector is widely
impacted by LIB capacity and cost. LIB capacity
impacts the EV range, total LIB installed in the auto-
motive industry, and LIB material cost, whereas LIB
cost impacts the EVs price that affects the EVs sales.
EV sales variations influence the LIB demand. Besides
LIB cost, subsidy and electrode composition also
impact the EV price. Interaction among these factors
creates a dynamically complex system that needs to be
analysed through a methodology that represents the
systemic view of this dynamically evolving system.
This paper analyses LIB demand and cost variation
in different scenarios related to variations in battery
capacity, subsidy, and LIB electrode chemical compo-
sition. The model captures several important feedback
loops governing LIB demand, including the learning
effect, range anxiety cycle, battery capacity dynamics,
and LIB demand-replacement cycle. Simulation
results indicate that LIB cost per kWh attains the
value between (99-135)/kWh at the end of simulation
depending upon the difference in the scenario, which
is slightly higher than the value forecast by Gémez
Vilchez and Thiel (2020). Our result differs from
Gomez Vilchez and Thiel (2020) because we used the
initial LIB average capacity (60-90)kWh and then
varied the LIB capacity in each period (by varying
LIB mass) to cease the impact of range anxiety on
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EV sales. LIB increment ceases when range anxiety is
zero.

The model results highlight some counter-
intuitive results, such as LIB demand of 90kWh is
higher than (70-80)kWh LIB, although 90kWh has
a higher cost than (70-80)kWh LIB. It happens
because, for high LIB capacity, the impact of range
anxiety on EV sales halted early compared to low
capacity (70-80)kWh LIB. Then, LIB cost is impacted
by the dominance of the learning effect loop R1 over
the battery capacity dynamics loop Bl and governs
the LIB cost. Therefore, battery manufacturers must
carefully consider the trade-offs between the LIB cost
and the LIB capacity while addressing the issue of
range anxiety. Battery manufacturers may develop
strategic plans for battery product segmentation for
consumers based on LIB capacity (with correspond-
ing differentiated price points) to address the needs
of different EV consumer segments. It helps battery
manufacturers to differentiate themselves from com-
petitors (Gary et al., 2008; Kunc & Morecroft, 2007;
Kunc et al., 2017).

Along with battery capacity, LIB electrode compo-
sition significantly impacts LIB cost. The model result
indicates that EV having NMC811 LIB electrode has
higher demand than NMC622 as NMC811 electrode
chemistry has a lower Co content than the NMC611
electrode chemistry. Therefore, strategic selection of
LIB electrode chemical composition for EV widely
impacts the LIB demand and raw material cost (N.
Carey et al.; Reuters, August 23, Carey & Lienert,
2022).

The EV subsidy significantly impacts LIB demand.
Our simulation results indicate that LIB demand is
substantially high in scenarios where a higher subsidy
is given on EV purchase in the initial phase and then
gradually withdrawn during the simulation time
frame. In varying subsidy scenarios, when government
subsidy withdrawal at different time intervals defined
in Table Al (Refer Appendix Section A), LIB demand
reduces similar to the different scenarios considered
for EV demand in Keith et al. (2020) for EVs. After
that, LIB demand regained its growth trajectory due to
the dominance of feedback loop R1 over feedback loop
B1 shown in Figure 2. The model results highlight an
exciting result that LIB demand also increases in the
non-subsidy scenario during the simulation period. It
helps EV manufacturers to plan their production
activity based on the government subsidy policy so
that they can pass maximum benefits to consumers
(J.Ewing; Business Standard, August 14, Ewing, 2022;
N.Naughton et al.; The Wall Street Journal).

There are multiple directions in which this research
can be extended. This research considers the average
capacity of LIB for a vehicle of only a single type, i.e.,
electric cars. We can enhance the model by consider-
ing vehicles of other variants like electric trucks, buses,

two-wheelers, etc., with different average battery capa-
cities. The research focuses on the impact of individual
LIB chemistry on LIB demand. We can also extend the
model boundary to explore the effect of battery mix on
material cost and LIB demand. For simplicity, we
consider the energy density of LIB as a fixed value.
Since the energy density of LIB can be varied by
improving the battery chemistry, we can extend our
model to analyse the impact of energy density
improvement on battery capacity that impact the LIB
demand. Consumer awareness of the environment
improved electric vehicle performance, and stringent
CO2 emission targets set by different countries for
OEMs in place of the target set through the Paris
agreement have a significant impact on EV sales. The
recent Conference of Parties COP26 has refocused the
global effort on developing sustainable technologies
for clean mobility, clean energy, etc. We can add
policy aspects such as government emission targets
and manufacturer’s future EV sales target commit-
ment to impact EV sales to extend the model’s
boundary.
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Appendix A. Model variables

We consider vehicles of homogeneous nature, battery electric cars. We adopt the calculation by Kieckhifer et al. (2014) for
“Battery capacity” where they calculate the battery capacity for different powertrains. “Battery capacity” is defined as the
amount of energy stored in a battery pack. It depends on the battery mass and the specific energy of the battery pack. In our
study, we consider specific energy has a fixed value of 200 Wh/kg (Abergel et al., 2020) for a given LIB chemistry, and battery
capacity has changed by varying the battery’s mass, constrained by the battery architecture. An increment in battery capacity
enables the battery to store more energy in EV’s battery, which helps EV to cover more distance. A range increment reduces
anxiety by allowing the consumer to cover more distance. In our model, battery mass is incremented based on the range gap.
“Range gap” is defined as the difference in the target range and EV range. In our analysis, battery mass is incremented by 10%
whenever the range gap is greater than zero. “Time to increment Battery mass” is the first order time delay in incrementing
battery capacity and introducing a new EV with incremented battery capacity, and it is taken as one year in our model.

Battery capacity = Battery Mass x SPECIFIC ENERGY (A1)
t
Battery Mass = Initial Battery Mass + J Battery mass incrementrate X dt (A2)
0
Battery mass incrementrate = (Battery mass x Range gap impact on Battery mass)/Time to increment Battery mass
(A3)
Range gap impact on Battery mass = IF THEN ELSE((Range gap > 0), Battery Mass multiplier, 0) (A4)
Battery mass multiplier = 0.1 (A5)

We model the “Range” as a stock to capture its variance over time. “Initial range” is dependent on battery capacity and
energy consumption by EV in watt-hour/miles (Richa et al., 2014). The energy consumption of EVs depends on driving
conditions, patterns, and behaviour. It varies from 240-280 watt-hour/miles (Wh/miles). For ease of calculation, we take
energy consumption as a fixed value of 250 Wh/mile (Richa et al., 2014). We consider the LIB used in EV as efficient as 95%
(Richa et al.,, 2014). Efficiency is the energy used during battery discharge after the battery is initially charged.

The battery capacity varies with time depending upon the depth of discharge and End-of-life (EOL) of a battery. A battery
reaches EOL when it loses the battery capacity to 20% of its initial capacity (Neubauer & Pesaran, 2011). LIBs need to be
replaced after they reach 80% of their initial capacity because LIBs are not fit for use in EVs (Till et al., 2019). Depth of
discharge (DOD) varies between 70% —80% (Han et al., 2014). In our calculation, we consider DOD as 80%. “Range anxiety”
is a psychological barrier that inhibits EV sales. It is the difference between the target and actual ranges for a given battery
capacity. “Target range” is taken as 300 miles based on various articles and data given in Melliger et al. (2018). Range anxiety
reduces with an increase in EV's range. Xu et al. (2020) formulated range anxiety as a nonlinear function of energy available in
the battery and stated that range anxiety decreases as energy available in the battery increases.

EV Range = (Battery Capacity x LIB EFFICIENCY x Depth of discharge

A6

x (1+ EOL)/2)/ENERGY CONSUMPTION (46)
Range gap = Target range — EV Range (A7)
Range anxiety = Range Gap/Target range (A8)

We consider the EV stock as “INITIAL EV STOCK” (Abergel et al., 2020) and having value of 2 Million. EV stock is taken
as global electric car stock in 2017 (Abergel et al., 2020; Till et al., 2019). “EV stock” changes as consumers discard their
vehicles at the end of their service life and purchase new vehicles (Richa et al., 2014). As all consumers do not buy or discard
their EVs at the same time, we model “EV retirement” (the number of vehicles retiring every year) using the first-order delay.
EV life varies from 10-20 years depending on driving conditions and driver behaviour (Abergel et al., 2020; Richa et al., 2014).
In our analysis, we consider EV life as 12 years. “EV sales” depends on range anxiety (that depends on EV range) and EV
price. “EV price” is calculated based on LIB cost and subsidy given on EV. LIB pack is assumed to contribute a significant
contribution (30-40%) of EV cost (Till et al., 2019). In our analysis, we consider LIB cost is 40% of EV price. Governments
offer EV subsidies based on EV sales targets, vehicle performance, and policy decisions (Chen et al., 2018; song et al., 2020).
The subsidies vary from time to time to reflect a change in government policies. In most countries, subsidies for purchasing
BEV vary in the range of US$ 4500-6800 (Abergel et al., 2020). In this model, we consider subsidy on the purchase of each EV
to be 5500 US$ (Shepherd et al., 2012), then change (by using the “STEP” function in the Vensim) in different years to reflect
the change in government policies. The model uses the STEP function in the Vensim to vary the subsidy value in years 3, 6,
and 9, as shown in Table Al. “SUB5” indicates subsidy withdrawal during the simulation period; hence, there is no subsidy in
this scenario.

t

EV stock = INITIAL EV STOCK + J (EV sales — EV retirement ) x dt (A9)
0

EVsales = ((9 x 10'®) x EV Price *®) x (1 — Range anxiety) (A10)

EV retirement = EV sales/EV LIFE (A11)

EV Price = MAX ((LIB cost/0.4) — EV SUBSIDY, 1) (A12)
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Table A1. Subsidy variation. (Source: (Bibra et al., 2021; Till et al., 2019)).

SI. No. Scenario Subsidy variation based on time period (Dollars)
1 SUB1 5500

2 SUB2 5500 — STEP(5500, 3)

3 SUB3 5500 - STEP(5500, 6)

4 SuB4 5500 - STEP(5500, 9)

5 SUB5 0

“Experience accumulation factor”, “LIB cost per kWh?”,
and “Experience accumulation factor” is calculated based
on calculations done by Kieckhifer et al. (2014) and Thies
et al. (2016). “Experience” is related to the total battery
capacity installed in EVs. “INITIAL EXPERIENCE” is cal-
culated as a product of battery electric car stock and
“Battery capacity”. Battery capacity increases to reduce
range anxiety and capacity increment ceases when range
anxiety becomes zero. An increase in EV sales and EV
replacement will increase the demand for LIB packs, and
hence the production of LIB has to rise to meet the increas-
ing demand for LIBs. High production induces a learning
impact on LIBs cost that reduces the cost of LIB per kWh.
We have taken the learning rate as 19% (Hsieh et al., 2019).
Also, we have taken “INITIAL LIB cost per kWh” as 230
dollars/kWh (Curry, 2017; Lebedeva et al., 2017). “LIB
cost” describes as a product of “Ratio of learning capabil-

ity” and “Initial LIB cost” (Refer to Table A3 in Appendix
section A). “Ratio of learning capability” is defined as the
ratio of LIB cost per kWh and “INITIAL LIB COST PER
kWh”. LIB cost per kWh decreases based on the learning
effect on the production process (Hsieh et al., 2019;
Kieckhifer et al., 2014). “Total Raw Material cost” depends
on battery capacity and LIB electrode chemical composi-
tion and is calculated as the product of “Raw Material cost
per kWh” and battery capacity. Raw material cost per kWh
depends on raw material quantity content in LIB electrode.
It is calculated by multiplying raw material quantity (kg/
kWh) and raw material cost ($/kg) (based on the USGS
database). We can calculate the total raw material cost by
multiplying the raw material cost per kWh with battery
capacity (Refer to Table A2 in Appendix section A). In our
calculation, we have taken LIB capacity as 60 kWh, and
“Initial LIB cost” is 14% of total raw material cost.

Table A2. Total raw material quantity for LIB electrodes. (Source: (Olivetti et al., 2017) and USGS database).
Total raw material quantity (kg)

Battery Chemistry Graphite Lithium carbonate Nickel Cobalt Manganese
NMC622 72 40.1 385 12.8 12
NMC811 72 353 45 5.6 53
NCA 72 35.6 455 8.6 0

Table A3. Initial LIB cost for different LIB electrodes. (Source: (Olivetti et al., 2017) and USGS database.

Battery Chemistry Battery capacity (kWh) Material cost per kWh ($/kWh) Total Material cost ($) LIB cost ($)
NMC622 60 33.38 2002.78 14,305.54
NMC811 60 25.59 1535.17 10,965.47
NCA 60 28.15 1688.83 12,063.09
LIB cost = Initial LIB cost x (Ratio of learning capability) (A13)
Ratio of learning capability = LIB cost per kWh/INITIAL LIB COST PER kWh (A14)
Initial LIB cost = Total Raw Material cost/0.14 (A15)
Total Raw Material cost = Raw Material cost per kWh x Battery capacity (A16)
LIB cost per kWh = Experience accumulation factor x INITIAL LIB COST PER kWh (A17)
Experience accumulation factor = (Experience,/Reference experience) (1 ~(arming rate))) (A18)
t
Experience = INITIAL EXPERIENCE +J Experience rate x dt (A19)
0
INITIAL EXPERIENCE = INITIAL EV STOCK x Battery Capacity (A20)
Experience rate = Total Battery Capacity installed (A21)
Total Battery Capacity installed = LIB demand x Battery capacity (A22)

“LIB demand” is the sum of EV sales and LIB replacement (Richa et al., 2014). LIB replacement depends on the EV stock and the LIB replacement time. LIB
capacity degrades with time and is replaced when it reaches the EOL. Battery replacement time is the minimum of its cycle and calendar life. The calendar life
is fixed for a LIB and taken as ten years (Richa et al., 2014), while the cycle life varies with the frequency of LIB use per year. The total full cycle is the total
number of charging and storage cycles supported by LIB and taken as 1000 cycles (Benveniste et al., 2018). The frequency of use varies with the annual use of
the vehicle and the daily charging frequency of LIB (Beuse et al., 2020; Franke & Krems, 2013b). The yearly working week is taken as 52 weeks per year. The
charging frequency depends on the EV's range and driving pattern. The charging frequency of electric vehicles varies from one time per week to seven times

(daily charging) per week (Franke & Krems, 2013a; Thingvad et al., 2021; Venegas et al., 2021; Yang et al., 2018; Zubi et al., 2018).
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LIB demand = EV sales + LIB replacement

LIB replacement = EV stock/LIB replacement time
LIB replacement time = min(Calendar life, Cycle life)
Calendar life = 10Years
Cycle life = Total full cycle/Frequency of use per year
Total full cycle = 1000Cycles

Frequency of use per year = Charging frequency per week x Annual working weeks

(A23)

(A24)
(A25)
(A26)
(A27)
(A28)

(A29)
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