https://doi.org/10.1016/j.jclepro.2019.119479 This is the Pre-Published Version.

The Potential Influence of Cost-Related Factors on the Adoption of
Electric Vehicle: An Integrated Micro-Simulation Approach

Chengxiang Zhuge® %3, Binru Wei*, Chunfu Shao®, Chunjiao Dong® ", Meng Meng?, Jie Zhang’

! Department of Geography, University of Cambridge, Downing Place, Cambridge, CB2 3EN, United
Kingdom

2Tyndall Centre for Climate Change Research, School of Environmental Science, University of East
Anglia, Norwich, NR1 7TJ, United Kingdom

3 Department of Land Surveying and Geo-Informatics, The Hong Kong Polytechnic University, Hung
Hom, Kowloon, Hong Kong, China

4 Department of Land Economy, University of Cambridge, 19 Silver Street, Cambridge, CB3 9EP,
United Kingdom

® Key Laboratory of Transport Industry of Big Data Application Technologies for Comprehensive
Transport, Beijing Jiaotong University, 3 Shangyuancun, Xizhimenwai, Beijing, 100044, PR China

® Faculty of Business, University of Greenwich, London, SE10 9LS, United Kingdom

" School of Civil and Environmental Engineering, Nanyang Technological University, Singapore
639798, Singapore

Email Addresses: Chengxiang Zhuge (chengxiang.zhuge@polyu.edu.hk); Binru Wei
(bw366@cam.ac.uk); Chunfu Shao (cfshao@bijtu.edu.cn); Chunjiao Dong (cjdong@bijtu.edu.cn);
Meng Meng (m.meng@gre.ac.uk); Jie Zhang (jzhang049@e.ntu.edu.sg)

© 2019. This manuscript version is made available under the CC-BY-NC-ND 4.0 license https://creativecommons.org/licenses/by-nc-nd/4.0/



The Potential Influence of Cost-Related Factors on the Adoption of
Electric Vehicle: An Integrated Micro-Simulation Approach

Abstract

Cost-related factors (e.g., subsides) play a vital role in the diffusion of Electric Vehicle (EV).
However, it remains unclear how these factors would influence the diffusion and further the
associated urban elements (e.g., infrastructures) at the micro scale. In response, this paper tried to
guantify the influence of two types of cost-related factors on the adoption of Electric Vehicle (EV),
namely upfront cost and usage-related cost, using purchase subsides and fuel prices as examples,
respectively. An agent-based integrated micro-simulation model (SelfSim-EV) was used here to
simulate how the EV market in Beijing might evolve from 2016 to 2020, within several “what-if”
scenarios considering different Plug-in Hybrid Electric Vehicle (PHEV) subsides, petrol prices and
electricity prices. The results suggested that 1) doubling the PHEV subsidy would make PHEV price
competitive and thus increase the PHEV sale from around zero to 2,500 in 2019. The PHEV sale price
increases by around 3,500 RMB (from around 261,000 to 264,500 RMB) due to the increase in the
PHEYV penetrate rate. This further gives rise to the changes in those urban elements connected with
the EV market, including the urban environment, electricity and infrastructure systems, especially at
the disaggregate level; 2) both electricity and petrol prices have little influence on the adoption of EVs
at the macro level (i.e. the city level), but they do influence the spatial distributions of both CV and
EV owners (based on the analyses of their residential locations) and further geographical distributions
of vehicular emissions, EV-related facilities (e.g., charging posts) and electricity demand of EV at

multiple resolutions, ranging from the facility level to district level.
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1 Introduction

As one of the most popular alternative fuel vehicles, Electric vehicle (EV), including Battery
Electric Vehicle (BEV) and Plug-in Hybrid Electric Vehicle (PHEV), has received increasing
attention over the past few years, as partly evident from the rising penetration rate of EV in many
countries across the global. As indicated in the recent report of “Global EV Outlook 2018 (Bunsen et
al., 2018), the global stock of EV reached 3.1 million in 2017 with an increasing rate of 57%. The
number of EVs sold in 2017 was over 1 million, and more than half of them were sold in China. In
terms of the EV market share, Norway, Iceland and Sweden ranked top three with penetration rates of

39.0%, 11.7%, and 6.3%, respectively. China came fourth with a rate of 2.2%. In order to promote the



development of EVs, many regulations and approaches have been used. For example, in the Nordic
region (where the EV market share is amongst the highest globally), several policies, such as purchase
incentives, use incentives and waivers on access restrictions, have been used at both local and national
levels (IEA, 2018). Similarly, both the central and local governments in China had several EV
policies (e.g., subsidies and traffic regulations) in place, in order to promote both the purchase and use
of EVs (Hao et al., 2014; Zhuge and Shao, 2019).

In general, Conventional Vehicle (CV), such as petrol and diesel cars, are associated with
environmental issues, such as air pollution (Zhang and Batterman, 2013), greenhouse gas (GHG)
emissions (Hao et al., 2011) and wastewater. This further requires different sustainable methods, such
as nitrifying-enriched activated sludge (NAS) approach (Sepehri and Sarrafzadeh, 2018), to directly
or indirectly deal with these wastes. However, EV is expected to bring great environmental benefits.
For example, BEV runs on electricity and thus do not release any vehicular emissions when moving
around the cities, which can improve local air quality and bring health benefits (Buekers et al., 2014).
At the global level, the introduction of EV has great potential to reduce GHG emissions, but the net
reduction is associated with the electricity mix (Casals et al., 2016); Another related benefit of BEV is
the reduction in noise pollution: the extent to which the introduction of EV could reduce noise is
associated with travel speed. It was found that the reduction is limited when EVs move at a speed
above 50 km/h, due to rolling noise (Campello-Vicente et al., 2017).

Whether a consumer would purchase an EV could be influenced by a wide variety of factors, as
recently reviewed in (Biresselioglu et al., 2018; Hardman et al., 2017; Li et al., 2017). Those cost-
related factors associated with the purchase and use of EV (e.g., subsidies and free parking) were
identified as influential to the diffusion of EVs (Zhuge et al., 2019d). For example, the recent report
by the International Energy Agency (IEA) on the development of EV in the Nordic region suggested
that lowering EV sale price was proved to be the main cause of the rising EV market share (IEA,
2018). This paper will investigate the role of the cost-related factors in both the purchase and use of
EVs, using EV subsides and energy prices as examples, respectively. Specifically, an agent-based
urban micro-simulation model, SelfSim-EV (Zhuge et al., 2016; Zhuge et al., 2019d), will be used to
simulate how people respond to different PHEV subsidies, electricity prices and petrol prices within
several “what-if” scenarios, considering the interactions between the diffusion of EV and those
associated urban sub-systems (e.g., transportation, land use, and population systems). Based on the
simulations, the potential influences of these cost-related factors on the EV diffusion and the
associated urban sub-systems can be quantified. Furthermore, the simulation results are spatially
explicit. This means various spatial analyses of the EV diffusion can be conducted subsequently,
providing insights into the potential influences at the disaggregate level. These kinds of systematic
and spatially disaggregate analyses have received scant attention in the previous studies investigating

the cost-related factors. These research gaps will be elaborated later in Section 2.



The remaining sections are structured as follows: Section 2 will review the existing literature on
both the upfront cost reduction and usage-related cost reduction in the EV purchase, identifying the
research gaps to fill in this paper; Section 3 will introduce the agent-based integrated urban model
(SelfSim-EV), and also describe how it will be used to investigate the role of different cost-related
factors in the EV diffusion within “what-if” scenarios; Section 4 will present both disaggregate and
aggregate results from the scenarios, providing insights into the potential influences the cost-related
factors on the EV market expansion and the associated urban sub-systems; Section 5 will discuss how
the results could be further used in policy making and infrastructure planning and optimization for

EVs; In Section 6, this paper will conclude with a summary of the key findings and the future work.

2 Literature Review

2.1  Upfront Cost Reduction

In order to reduce the high upfront cost of EV, financial incentives, such as purchase subsidies and
tax exemption, appear to one of the most-used strategies to incentive early EV adopters (Bjerkan et al.,
2016; Zhuge and Shao, 2019). As a result, EV could become price competitive and thus favourable
(Hao et al., 2014).

(1) EV Subsides

The influence of EV subsides on the uptake of EV varied from case to case, and could be either

significant or marginal.

Many studies suggested that subsides could be effective in promoting the purchase of EV (Coad et
al., 2009; Hao et al., 2014; Lieven, 2015; Sierzchula et al., 2014; Wang et al., 2017). Some specific
examples are as follows: Sierzchula et al. (2014) explored the relationship between the EV subsidy
and EV market share in 30 countries across the world, suggesting that subsidy was a statistically
significant variable; Hao et al. (2014) argued that EV subsides in China were very necessary for
BEVs to be cost competitive compared with CVs, especially at the early stage of the EV development;
Lieven (2015) also found subsides as attractive, though a combination of lower subsidy and easy

access to charging facilities could also result in similar preference shares.

However, some studies suggested that subsidy was not as influential as generally expected.
Helveston et al. (2015) explored the role of subsides in the uptake of EV in both the USA and China
and found that subsides did not change preference order in either country; Based on an expert
workshop with policy-makers, Bakker and Trip (2013) argued that subsides were generally costly and
might not be effective: on one hand, EV could still remain too expensive to the majority of potential

customers; on the other hand, vehicle manufacturers might not want to lower their vehicle sale prices.



(2) Tax Exemption or Rebate

Tax exemption or rebate is another typical type of financial incentive to reduce the upfront cost. A
quantitative assessment of the tax rebate by Chandra et al. (2010) in Canada suggested that 26% of the
EV sold could be attributed to the rebate. Similarly, Bjerkan et al. (2016) surveyed around 3400 BEV
owners in Norway and found that more than 80% of them considered exemptions from purchase tax
and VAT as critical incentives. Furthermore, a comparative study of eight European countries by
Lé&vay et al. (2017) suggested that “the exemption from the flat tax rates would promote the adoption
of big expensive EVs in Norway and the Netherlands”.

(3) Methods and Models Used

A variety of models and methods have been used to investigate the influence of EV subsidies and tax
exemption/rebate on the adoption of EV, including discrete choice models (e.g., MNL (Helveston et
al., 2015; Lieven, 2015) and Mixed Logit (Helveston et al., 2015; Langbroek et al., 2016)), regression
model (Chandra et al., 2010; Gallagher and Muehlegger, 2011) (e.g., ordinary least squares (OLS)
regression (Sierzchula et al., 2014) and standard linear regression (Mersky et al., 2016)) and agent-
based models (Eppstein et al., 2011; Noori and Tatari, 2016). Among them, agent-based modelling
has been increasingly viewed as a promising approach to simulating consumer energy choices,
including choices of EV (Rai and Henry, 2016) because of its advantages (e.g., heterogeneity).

Therefore, this paper will use agent-based modelling as well.

2.2  Usage -Related Cost Reduction

Apart from upfront cost reduction, several other methods have been used to reduce the usage-related
cost, such as free parking (Langbroek et al., 2016; Lieven, 2015) and exemption from road tolling
(Lieven, 2015). Their influences on the EV adoption vary from case to case: Langbroek et al. (2016)
found free parking as a positive influential factor, while Lieven (2015) found that the free use of
downtown parking was not attractive. Both Lieven (2015) and Mersky et al. (2016) found free use of
fast lanes was not attractive or statistically significant; while Bjerkan et al. (2016) found that
“exemption from road tolling or bus lane access was the only decisive factor to a considerable number

of EV owners”.

Fuel cost is another type of the usage-related cost. Since EV drivers could save fuel cost by using
electricity and thus could reduce the usage-related cost, several studies have investigated whether fuel
price is an influential factor to the EV adoption. Some of them suggested that fuel price had
relationship with the adoption of EV (or EV sale) (Beresteanu and Li, 2011; Chandra et al., 2010;
Diamond, 2009; Eppstein et al., 2011; Gallagher and Muehlegger, 2011). For example, Gallagher and
Muehlegger (2011) found that the rising gasoline prices were associated with the increase of EV sale.

However, most of them only looked at the gasoline prices, paying almost no attention to electricity



price. This paper attempts to investigate the influence of both petrol and electricity prices on the EV
adoption, as well as its further influences on those connected urban elements (e.g., transportation and
land use systems), which have received scant attention in the previous studies.

2.3 Research Gaps

As reviewed above, several strategies have been used to reduce both upfront cost and usage-related
cost, in order to make EVs cost competitive and to promote the purchase and use of EVs. However,
the existing studies examining the cost-related factors have tended to pay no or little attention to the
connections or interactions between the EV market and those connected urban elements, such as the
urban environment, electricity system and EV-related facilities (Zhuge et al., 2019d). As a result, only
a limited understanding of the EV adoption can be obtained for the EV-related stakeholders, such as
the government and manufactures. For example, local authorities generally hope to gain full insights
into the influence of a specific policy, not only on the uptake of EVSs, but also on the environment,
transport, land use and energy systems. In addition, most of the existing studies have tended to
analyse the influences of the cost-related factors from a statistical perspective. As a result, little is
known about the influence on the spatial characteristics of the EV market and its connected urban
elements. In response, this paper would pay equal attention to the spatial and statistical analyses, as
the spatially disaggregate results would be particularly useful for identifying the hot spot of charging
demand of EVs, and thus could help better deploy and optimize EV-related facilities in both transport

and power sectors.

In order to fill the two research gaps above, we used an agent-based spatial urban model, SelfSim-
EV (Zhuge et al., 2019d), to examine the potential influences of two typical cost-related factors,
namely PHEV subsidies and energy prices. Based on the SelfSim-EV simulation, on one hand, both
the expansion of EV market and its impacts on those connected urban systems can be explored; on the
other hand, various spatial analyses of the EV market can be further carried out. Such comprehensive
and spatially explicit results are expected to provide the EV-related stakeholders with full information
on the diffusion of EV.

3 Methodology

3.1 Brief Introduction to SelfSim-EV

As aforementioned, we will use an agent-based integrated micro-simulation model, SelfSim-EV, to
explore the role of the cost-related factors in the adoption of EV. The reasons are twofold: 1) the
model is capable of simulating both the purchase and travel behaviours of EV, considering the
interactions between the EV market and those connected urban systems (e.g., transportation and land

use) over time at the micro scale; 2) the model has been calibrated and validated in a real-world



scenario set up based on Beijing, which can be used as a baseline in this paper to help understand how
the cost-related factors may influence (Zhuge et al., 2019d).

As shown in Figure 1, SelfSim-EV contains a set of spatial urban models that can run in a specific
sequence for the micro-simulation of urban evolution, involving in the purchase behaviour of EV (in
the EV Market Model), individual travel behaviour of EV (in the Activity-based Travel Demand
Model), the development of EV-related transport facilities (in the Transport Facility Development
Model), the changes in socio-demographic characteristics (in the Demographic Evolution Model),
residential location choice of household (in the Joint Model of Residential Location Choice and Real
Estate Price, RLC-REP) and social ties (in the Social Network Evolution Model) (Zhuge et al., 2019d).
In brief, SelfSim-EV is an integrated urban microsimulation platform incorporating the purchase and

use behaviours of EV, as well as the EV-related behaviours, actions and decision-makings of agents.

More detailed introduction to SelfSim-EV and its key components (e.g., transport facility
development model) can be found in the work of (Zhuge and Shao, 2018a; Zhuge and Shao, 2018b;
Zhuge et al., 2018a; Zhuge et al., 2018b; Zhuge et al., 2019c; Zhuge et al., 2019d). The introduction to
the datasets for the model initialisation and calibration can be found in (Zhuge and Shao, 2019; Zhuge
et al., 2019a; Zhuge et al., 2019b; Zhuge et al., 2018a; Zhuge et al., 2018b).
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Figure 1 Sketch of Urban Dynamic Simulation within SelfSim-EV (Source: Adapted from (Zhuge et
al., 2018a))

3.2  “What-If” Scenario Analysis within SelfSim-EV

In order to investigate how different PHEV subsides and fuel prices may influence the adoption of
EV and further its connected urban elements within “what-if”” scenarios, the PHEV subsidy and fuel

price need to be particularly specified within the SelfSim-EV model prior to a simulation. These two



factors are associated with the decision-making of consumer agents in the EV market model, which is
simulated with a utility function (see Equation (1)). Specifically, it is assumed that consumer agents

always choose the vehicle type which can maximum their own utilities (U,yiciechoice )- The utility

function, which was developed based on the empirical study of (Zhuge and Shao, 2019), is composed

of five terms, namely social influence (U g, anntivence )» d@ily plan (U p1a, ), purchase price

(U ), environmental benefit (U ., ;onment ) @1d randomness (U ..o ) (Zhuge et al., 2019d).

PurchasePrice

The PHEYV subsidy and fuel price are considered in the utility function as follows:

1) PHEV Subsidy: is considered in the utility term for purchase price (U o naseprice )- SPeCfically,
Due to the PHEV subsidy, the potential consumers will pay less for PHEVs and therefore have higher

utility of purchase price (U

PurchasePrice )

2) Fuel Price (either Petrol or Electricity Prices): can be set in the utility term of daily plan

(U paitypian ) Which can be further decomposed into utilities of daily activity (U paciviyy ) @0d travel

(U+raer ), @ shown by Equation (2). People can gain utilities through performing their daily activities

(e.g., shopping) and lose utilities because of travelling from one activity location to another (Horni et
al., 2016). The fuel price, together with travel distance, will be used to calculate the travel cost for

each driver with either CV or EV. Therefore, fuel price can influence the utility of daily plan

(U bailyactiviey ) @nd further the choice behaviour of consumer agents in the vehicle market.

UVehicIeChoice = U Sociallnfluence + U DailyPlan + U PurchasePrice + U Environment + U Random (1)

U = U + UTravel (2)

DailyPlan DailyActivity

4 Case Study of Beijing

4.1  Overview of Scenarios

SelfSim-EV has been applied to Beijing to simulate its EV market from 2016 to 2020 within a so-
called Reference Scenario (RefSc), with the assumption that the Beijing urban system (including the
EV market and the connected urban systems) would evolve as before: more details on the EV market
in RefSc and its possible influences on the urban environment, electricity system and EV-related
facilities can be found in (Zhuge et al., 2019d). Therefore, Beijing was used a case study here again to
explore how different cost-related factors, including PHEV subsides (Scenario A, see Section 4.2),
petrol prices (Scenario B, see Section 4.3) and electricity prices (Scenario C, see Section 4.4), might

influence the uptake of EVs within several “what-if” scenarios, compared to RefSc (or the baseline).



Therefore, the results from the RefSc scenario, as detailed in (Zhuge et al., 2019d), will be cited
below in order for comparison purpose. In addition, the calibrated and validated SelfSim-EV Beijing
model (Zhuge et al., 2019d) will be modified as described in Section 3.2, in terms of the PHEV

subsides, electricity prices and petrol prices, in order to set up the “what-if” scenarios.
4.2  Scenario A - PHEV Subsidies

4.2.1 Description of Scenario A

The PHEV purchasers in Beijing were only offered the national subsidy in 2015, and the Beijing
government did not provide them with any local financial incentives. This could be one reason that
PHEVs did not sell well in 2014 and 2015, compared with BEV sales. The scenarios here aim to
explore the future of EVs in Beijing, given that the PHEV purchasers will receive subsidies from both
the Beijing and national governments from 2016 to 2020. Since 2014, the Beijing government has
provided the same amount of BEV subsidy as the national government. Therefore, the scenarios for
PHEYV subsidy here assume that the PHEV purchasers will also receive extra subsidy which is equal
to the amount of subsidy provided by the national government. Specifically, the scenarios are set up

as follows:

=  PHEV Subsidy Scenario Al (PHEVSubsidyScl): the PHEV subsidy will double in 2016
because of the extra subsidy form the Beijing government and will not change over the period
from 2016 to 2020.

=  PHEV Subsidy Scenario A2 (PHEVSubsidySc2): the PHEV subsidy will double in 2016 and
may change over the period, according to the behavioural rules of the government. In the EV
market model, it is defined that the government agent updates EV subsides according to the
adoption rate of EVs, as detailed in (Zhuge et al., 2019d).

4.2.2  The Influence of PHEV Subsidy on the EV Market Expansion

Figure 2 compares the EV markets from 2016 to 2020 in the three different scenarios, namely
Reference Scenario (RefSc), PHEV Subsidy Scenario Al (PHEVSubsidySc1) and PHEV Subsidy
Scenario A2 (PHEVSubsidySc?), in terms of vehicle sale, vehicle price and EV subsidy. Note that the
RefSc is cited from (Zhuge et al., 2019d) for comparison purpose. Overall, adding extra PHEV
subsidy can promote the PHEV sales after 2018 when the BEV price goes up due to the increase in
the BEV penetration rate, which makes PHEV more competitive in terms of final price (that is the
difference between the PHEV subsidy and the original PHEV selling price), compared with BEV. As
a result, the number of PHEV purchasers goes up from around zero to 2,500 and the number of CV
purchasers decreases by around 2,500, due to the constraint on the total number of CV purchase
permits. Meanwhile, the PHEV and CV prices go up and down, respectively, according to the change

in their penetration rates. Specifically, the PHEV sale price increases by around 3,500 RMB (from



around 261,000 to 264,500 RMB), and the CV sale price decreases by around 2,000 RMB (from
around 128, 000 to 126, 000 RMB). In addition, the small difference between PHEVSubsidyScl and
PHEVSubsidySc2 in the EV market expansion suggests that the government agent changes slightly
the PHEV subsidies over the period in order to keep PHEVS price comparative.

The analyses above suggest that the PHEV subsides influence the EV market expansion through the
interactions among the consumer, vehicle manufacturer and government agents in a dynamic way.
Specifically, doubling PHEV subsides in 2016 has almost no influence on the vehicle market, and it
starts to influence consumer agents when the BEV manufacturer agent increases the BEV sale price in
2018, which makes the PHEV competitive in terms of final purchase price. On the other hand, this

suggests that the agent-based EV market model is useful here for capturing such interactions at the

individual level over time.
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Figure 2 Differences between “What-If” and RefSc Scenarios in Vehicle Sale, Vehicle Price and EV
Subsidy from 2016 to 2020 (Note: the RefSc is cited from (Zhuge et al., 2019d))

As show by Figure 3, increasing the PHEV subsidies in both scenarios can significantly influence
the spatial distributions of CV, PHEV and BEV owners in 2020 at the traffic zone- level, based on
their residential locations. Specifically, the rise of PHEV subsidy could either increase or decrease the
numbers of BEV and CV owners in different traffic zones; while the rise nearly increases the number
of PHEV owners to the majority of the traffic zones, which is very likely due to the increase in the
number of PHEV purchasers (see Figure 2-(c)). More details on the spatial differences in vehicle
owners at the facility- and district- levels can be found in Supplementary Material (see Figure Al and
Figure A2, respectively). The spatial changes in EV owners can influence charging demand in terms
of both quantity and spatial distribution. Specifically, different vehicle owners could have completely
different travel patterns (e.g., trip destinations, durations and departure time), which could result in

different vehicle miles travelled, amounts of electricity consumed and charging demands.

Year:2020

(a) BEV Owners in (b) CV Owners in (c) PHEV Owners in
PHEVSubsidyScl PHEVSubsidyScl PHEVSubsidyScl
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Year:2020

(d) BEV Owners in (e) CV Ownersin (F) PHEV Owners in
PHEVSubsidySc2 PHEVSubsidySc2 PHEVSubsidySc2
Figure 3 Differences between “What-If” and RefSc Scenarios in the Residential Location of Vehicle
Owner in 2020 at the Traffic Zone Level (Zhuge et al., 2019d)

4.2.3  The Influence of PHEV Subsidy on the EV-related Infrastructures

At the aggregate level, adding extra PHEV subsidy appears to have little impact on the number of
EV-related infrastructures, including public parking lots and public charging posts (see Figure A3 in
Supplementary Material). Among them, only public charging posts increase marginally when the
subsidy is doubled due to the increase in the number of PHEV purchasers. However, the changes in
PHEYV subsidy could to some extent influence the layout of public charging posts at the district level
(see Figure 4), and the outer districts appear to be more influenced than the central districts. In such a
complex and dynamic system, the layout of public charging posts could be influenced by several
factors. For example, the spatial changes in vehicle owners (see Figure 3) could result in completely
different travel patterns, which could further lead to the changes in charging demand and then the
demand for charging facilities.

Legend Year:2020 Legend Year:2020
<07 nc7

(a) Diffeence betwene PHEVSubsidyScl and (b) Difference between PHEVSubsidySc2 and
RefSc RefSc
Figure 4 Differences between “What-If” and RefSc scenarios in the District-Level Layout of Public

12



Charging Posts in 2020 (Zhuge et al., 2019d)
4.2.4  The Influence of PHEV Subsidy on the Urban Environment

Doubling PHEV subsidy in either way can have different impacts on the total amounts of petrol
consumed and vehicular emissions, as shown in Figure 5. In addition, adding more PHEVSs in the
tested scenarios could increase the amounts of petrol consumed and vehicular emissions in 2020,
which is not generally expected. The unexpected result could be caused by many factors in such a
dynamic and complex system, such as the changes in travel patterns of drivers, land use, residential
locations of vehicle owners and layouts of transport infrastructures. More importantly, all of these
factors interact with each other and evolve over time, which makes it rather difficult to exactly point
out the reason. In addition, the differences between the RefSc and test scenarios in vehicular
emissions and energy consumption are small (compared to the total amounts of emissions or energy
consumed), suggesting that the unexpected result might be caused by some stochastic mechanisms in
SelfSim-EV, though each SelfSim-EV scenario was run ten times and the average is used here. In
order to further examine the influence of randomness on the model results, each scenario should be
run for as many times (e.g., 100 times) as possible. However, the trade-off between computing time
and model accuracy should be made, as running SelfSim-EV is computationally expensive.
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Figure 5 One-Day Vehicular Emissions and Petrol Consumption for the Period from 2016 to 2020
(Note: the RefSc is cited from (Zhuge et al., 2019d))

Further, the spatial analysis of the influence of PHEV subsidy on the environment is conducted:

Figure 6 maps the spatial differences in the one-day link-based vehicular emissions between the

“what-if” and RefSc scenarios, using a morning peak hour (7-8AM), an evening peak hour (6-7PM),

and an off-peak hour (2-3PM) as examples. It can be found that doubling the PHEV subsidy in either

way can heavily change the spatial distribution of link-based vehicular emissions at both peak and off-

peak hours. Furthermore, the impact at the peak hours appears to be less significant than that at the

off-peak hours. Also, the link-based emissions in the outer districts tend to be more heavily influenced

by the PHEV subsidy than those in the central districts. This can also be found at the traffic zone level

(see Figure A4 in Supplementary Material).

(a) Morning Peak Hour (8AM)
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for PHEVSubsidySc1

Hour:19

(d) Morning Peak Hour (8AM)

(e) Off-Peak Hour (3PM) for (f) Evening Peak Hour (7PM)
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Figure 6 Spatial differences in the One-Day Link-based Vehicular Emissions between the “What-If”
and RefSc Scenarios in 2020 (Zhuge et al., 2019d)

4.25 The Influence of PHEV Subsidy on the Power Grid System

As shown by Figure 7, the “what-if” scenarios do not significantly differ from RefSc in the total
amount of electricity provided by charging posts in one particular weekday, though a marginal
increase in public charging demand can be found after 2018 (see Figure 7-(b)) when the number of
PHEYV purchasers start increasing (see Figure 2-(c)). This indicates that doubling PHEV subsidy in
either way does increase the number of PHEV purchasers, but the extra added PHEV owners appear
not to consume too much electricity, probably due to the relatively small electric driving range of
PHEV. However, the changes in PHEV subsidy do significantly influence the spatial distribution of
actual charging demand through charging posts at both zone- and district- levels (see Figure A6 in
Supplementary Material and Figure 8 below, respectively). Take the district-level differences in
public charging demand for example (see Figure 8), the demands in all of the districts are to some
extent influenced by the changes in PHEV subsidy. Furthermore, the outer districts tend to be more
heavily influenced by the changes than the central districts (especially the Dongcheng, Xicheng,
Chaoyang and Fengtai districts). The heavy influence on the spatial distribution of charging demand
could be attributed to many factors, such as the slight increase in the public charging demand after
2018 (Figure 7-(b)) and the significant changes in the layout of public charging posts (see Figure 4).
These spatially explicit results about the influences of PHEV subsides would be particularly useful for
decision-makings of relevant stakeholders, such as local authorities. Given the potential influences on
the power grid system, the policy makers can decide whether or not to double PHEV subsidies; If yes,
they also need to think how to deal with the spatial changes in charging demand, for example, through

policies and infrastructure optimization.
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Figure 7 One-Day Electricity Consumption through Charging Posts for the Period from 2016 to 2020
(Note: the RefSc is cited from (Zhuge et al., 2019d))
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Legend Year:2020 Legend Year:2020

(a) Difference between PHEVSubsidyScl and (b) Difference between PHEVSubsidySc2 and
RefSc RefSc
Figure 8 District-Level Differences between “What-If” and RefSc Scenarios in Public Charging
Demand in 2020 (Zhuge et al., 2019d)

4.3 Scenario B - Petrol Prices

4.3.1 Description of Scenario B

EV has an obvious advantage over CV in terms of price per kilometre of travel. For example, BEV
drivers in Beijing can save around 30RMB when they travel 100 kilometres, compared with CV
drivers. The scenarios here will investigate the influence of the petrol price on the EV uptake. As
shown by Figure 9, the petrol prices in Beijing, including the prices for 90# Petrol, 93# Petrol and
97# Petrol (which differ from each other in octane values), have varied heavily over the past few
years, ranging from around 5.5 to 8.5 RMB/ Litre. The average price of the three petrol types has been
used as the petrol price in the simulation from 2010 to 2017. The RefSc scenario also assumed that the
petrol price would level off at 6.5 RMB/ Litre during the period from 2018 to 2020. The “what-if”
scenarios here attempt to quantify the extent to which the petrol price may influence the EV uptake in
Beijing. Specifically, according to the historical petrol prices from 2009 to 2017, three scenarios with
different petrol prices ranging from 5.5 to 8.5 RMB/ Litre are set up as follows:

= Scenario B1 (Petro55S1): the petrol price is set to 5.5 RMBY/ Litre;
= Scenario B2 (Petro75S2): the petrol price is set to 7.5 RMB/ Litre;
= Scenario B3 (Petro85S3): the petrol price is set to 8.5 RMBY/ Litre.
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Figure 9 Petrol Prices in Beijing from 2009 to 2017 (Data Source:
http://data.eastmoney.com/OilPrice/oil_city.aspx?city=Dbeijing)

4.3.2 The Influence of Petrol Price on the EV Market and its Connected Urban Elements
(1) Influence on the EV Market: Statistical and Spatial Perspectives

The petrol price is found as a non-influential factor to the adoption of EVs at the macro level, as
evident from the almost no changes in EV sales, prices or subsides (see Figure A7 in Supplementary
Material). However, varying the petrol prices within the three “what-if” scenarios can heavily
influence the spatial distributions of both CV and EV owners at the multiple resolutions (see Figure
A8 in Supplementary Material), based on the analysis of their residential locations. Take PHEV
owners as example (see Figure 10 below), the three different petrol prices could have completely
different spatial influences on the PHEV adopters at the district level, in terms of their residential
locations. In addition, the Petro75S2 scenario with the petrol price of 7.5 RMB/ Litre tends to have
more significant influences in those central districts, compared to the other two scenarios, namely
Petro55S1 (petrol price =5.5 RMB/ Litre) and Petro85S3 (petrol price =8.5 RMBY/ Litre). These
spatial differences could be caused by a wide variety of factors, such as the changes in travel patterns,
residential locations of vehicle owners and land use patterns, as discussed before. For example, the
change in petrol price could influence the travel utility of potential CV drivers and further the utility
of purchasing a CV. As a result, the decision-making on vehicle purchase could be influenced, which

could result in a completely different spatial distribution of vehicle owners.
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(a) PHEV Owners in (b) PHEV Owners in (c) PHEV Owners in
Petrol55S1 Petrol75S2 Petrol85S3
Figure 10 Differences between “What-If” and RefSc Scenarios in the Residential Location of PHEV
Owner in 2020 at the District Level (Zhuge et al., 2019d)

(2) Influences on the Environment, Power Grid System and Transport Infrastructures

At the aggregate level, since the influence of petrol price on the EV market tends to be slight, the
further influences on the connected elements (including vehicular emissions, electricity consumption,
and EV-related infrastructures) are marginal (see Figure A9, Figure A1l and Figure Al13 in
Supplementary Material, respectively). However, the changes in petrol price can to some extent
influence the geographical distributions of vehicular emissions (see Figure 11), charging demand (e.g.,
public charging demand, see Figure 12) and EV-related facilities (e.g., public charging posts, see
Figure 13). In particular, the outer districts or traffic zones tend to be more influenced by the changes.
This consistency indicates that the impacts of EV adoption on the urban environment, electricity

system and EV-related facilities appear to be associated with each other at the disaggregate level.

(a) Difference between (b) Difference between (c) Difference between
Petrol55S1 and RefSc Petrol75S2 and RefSc Petrol85S3 and RefSc
Figure 11 Spatial differences between the “What-If”” and RefSc Scenarios in the One-Day Zone-based
Vehicular Emissions in 2020 (Zhuge et al., 2019d)
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(a) Difference between (b) Difference between (c) Difference between
Petrol55S1 and RefSc Petrol75S2 and RefSc Petrol85S3 and RefSc
Figure 12 District-Level Differences between “What-If” and RefSc Scenarios in Public Charging
Demand in 2020 (Zhuge et al., 2019d)

(a) Difference between (b) Difference between (c) Difference between
Petrol55S1 and RefSc Petrol75S2 and RefSc Petrol85S3 and RefSc
Figure 13 Differences between “What-If” and RefSc scenarios in the District-Level Layout of Public
Charging Posts in 2020 (Zhuge et al., 2019d)

4.4  Scenario C - Electricity Price for EVs

4.4.1 Description of Scenario C

Since the electricity price for EVs through private charging is determined by the residential
electricity tariff method and thus tends to level off over the period from 2016 to 2020, the scenarios
here will only explore the impacts of the electricity price for EVs through public charging (that is the
sum of the electricity and service fees) on the EV adoption. Furthermore, the Time-Of-Use (TOU)
tariff setting method currently applied to the public electricity price for EVs is very likely to continue.
Therefore, different TOU tariff setting methods will be explored within the scenarios. More
specifically, the tariff setting method in 2016 (see Table 1) will be used as the reference, and the other
scenarios will increase the electricity price by some specific percentages ranging from 30% to 100%.
The three scenarios (namely Elec30S1, Elec70S2 and Elec100S3) with the increasing rates of 30%, 70%

and 100%, respectively, are summarized in Table 2.
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Table 1 Public Electricity Prices for EVs in 2016 in Beijing

Period | Time of Day Electricity Fee | Service Fee Total
(RMB/KW-h) | (RMB/kW-h) | (RMB/kW-h)

10:00-15:00

Peak 18-00-21-00 1.0044 0.8 1.8044
07:00-10:00

Normal | 15:00-18:00 0.695 0.8 1.495
21:00-23:00

Off-Peak | 23:00-07:00 0.3946 0.8 1.1946

Table 2 Public Electricity Prices for EVs in the Scenarios (RMB/kW:-h) (Zhuge et al., 2019d)

. . Reference | ¢ .o ario C1 -30% | Scenario C2 -70% |Scenario C3 -100%
Period | Time of Day | Scenario Sce(gezs%sgo 0 Sce(glez%sz)o bjsies (Ele?;lco%ss())o 0
(RefSc)
10:00-15:00
Peak 18-00-21-00 1.8044 2.3457 3.0675 3.6088
07:00-10:00
Normal | 15:00-18:00 1.4950 1.9435 2.5415 2.9900
21:00-23:00
Off-Peak | 23:00-07:00 1.1946 1.5530 2.0308 2.3892

4.4.2 The Influence of Electricity Price on the EV Market and its Connected Urban Elements
(1) Influence on the EV Market: Statistical and Spatial Perspectives

Similar to the petrol price (as discussed in Section 4.3.2), the electricity price for EV drivers appears
to also have little influence of the uptake of EV at the macro level, as evident from the slight changes
in vehicle sales, vehicle prices and EV subsidies from 2016 to 2020 (see Figure Al4 in
Supplementary Material). However, varying electricity price can somewhat influence the spatial
distributions of CV and BEV owners, and have a significant influence on that of PHEV owners (see
Figure A15 in Supplementary Material), based on the analysis of their residential locations. The
spatial changes are likely attributed to the interactions among the EV-related urban systems, such as
the typical interaction between transport and land use systems (Waddell, 2011). The reasons why the
spatial change in PHEV owners tends to be much heavier is likely because of the relatively small

number of PHEV owners.
(2) Influences on the Environment, Power Grid System and Transport Infrastructures

Due to the marginal changes in the ownerships of both CV and BEV, the further influences of
electricity price on the urban environment, electricity system and EV-related facilities are marginal at
the macro level (see Figure Al16, Figure A17 and Figure A18 in Supplementary Material,
respectively). However, the spatial changes in vehicle owners can somewhat influence the
geographical distributions of vehicular emissions (see Figure 14 below), charging demand (see Figure

15 below) and transport facilities (e.g., public charging posts, see Figure 16 below). More specifically,
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for vehicular emissions, the outer districts tend to be more influenced by the change of electricity
price (see Figure 14 below); Varying electricity price appears to have a more significant influence on
the public charging demand (see Figure 15). One possible reason could be that the layout of public
charging posts is heavily influenced (see Figure 16).

Based on both the aggregate and disaggregate analyses above, the EV stakeholders (e.g., fuel
suppliers and local authorities) are suggested to bear in mind the spatial changes in vehicle emissions,
transport infrastructures and charging demand when they shape their policies regarding prices, as the

EV market expansion is connected to several urban sub-systems, such as land use, environment and

energy systems.

(a) Difference between (b) Difference between (c) Difference between
Elec30S1 and RefSc Elec70S2 and RefSc Elec100S3 and RefSc
Figure 14 Spatial differences in the One-Day Zone-based Vehicular Emissions between the “What-If”
and RefSc Scenarios in 2020 (Zhuge et al., 2019d)

(a) Difference between (b) Difference between (c) Difference between
Elec30S1 and RefSc Elec70S2 and RefSc Elec100S3 and RefSc
Figure 15 District-Level Differences between “What-If” and RefSc Scenarios in Public Charging
Demand in 2020 (Zhuge et al., 2019d)
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(a) Difference between (b) Difference between (c) Difference between
Elec30S1 and RefSc Elec70S2 and RefSc Elec100S3 and RefSc
Figure 16 Differences between “What-If” and RefSc scenarios in the Zone-Level Layout of Public
Charging Posts in 2020 (Zhuge et al., 2019d)

5 Policy Implications

Several “what-if” scenarios were set up to investigate how the three typical types of cost-related
factors, namely PHEV subsidy, petrol price and electricity price, may influence the uptake of EVs and
further the connected urban elements, including the urban environment, electricity system and EV-
related facilities, compared to a Reference Scenario (RefSc) assuming that the urban system would

evolve as before.
(1) Discussion on PHEV Subsidy

The two “what-if” scenarios (in Scenario A, see Section 4.2), which double the PHEV subsidy in
two different ways, suggest that subsidies are an effective way to promote the purchase of PHEVs
through the reduction of upfront cost, which has also been found in others’ studies (Hao et al., 2014;
Lieven, 2015; Sierzchula et al., 2014; Wang et al., 2017). Furthermore, the increase in PHEV sale can
influence the spatial distributions of BEV, PHEV and CV owners in an either direct or indirect way.
Specifically, the spatial changes in PHEV and CV owners are likely influenced by the numbers of
PHEV and CV directly; while the spatial change in BEV owners tend to be influenced in an indirect
way, for example, through the interactions between vehicle purchasers in the dynamic vehicle market.
The influence of PHEV subsidies on the uptake of EV can further impact those EV-related urban
elements to some extent, especially at the disaggregate levels, as evident from the significant spatial
differences between the “what-if” and RefSc scenarios in vehicular emissions, charging demand and
charging posts at the multiple resolutions, ranging from the facility level to district level. Such
spatially explicit results could be helpful for different EV-related stakeholders involved, such as the
government, manufacturers, urban planners, fuel suppliers and utility companies (Zhuge et al., 2019d).
For example, PHEV and CV currently share a specific number of vehicle purchase permits allocated
by the Beijing government each year, according to the so-called license plate lottery policy (Yang et

al., 2016), but PHEV is significantly less competitive to CV, due to its much higher sale price. The
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scenario analyses in this paper suggested increasing PHEV subsidies would be an effective way to
reduce the upfront cost of PHEV and thus to encourage people to purchase. Therefore, the Beijing
government is suggested to consider PHEV subsidy as a possible policy. Also, it should bear in mind
that the possible further influences on the urban environment, electricity system and EV-related
facilities when a higher PHEV subsidy is provided: 1) the global environmental impact tends to be
marginal and thus the environmental benefits should not be generally expected through the increase of
PHEYV subsides; there is no significant increase in charging demand and thus higher PHEV subsidies
should not put too much pressure on the electricity system; there is also no heavy change in the
guantity of charging posts needed, but the layout of charging posts should be optimized, according to
the changes in residential locations and individual travel patterns of EV owners. Although such
systematic spatial analyses of EV subsidies are very useful, but have received scant attention in the
previous studies of EV subsides (Breetz and Salon, 2018; Hao et al., 2014; Helveston et al., 2015;
Zhuge and Shao, 2019).

(2) Discussion on Fuel Price

Both electricity and petrol prices appear to be non-influential to neither PHEV nor BEV sales. As a
result, varying electricity and petrol prices could have little influence on those urban elements
connected with the EV market at the macro level. However, some other studies suggested that the
adoption of EV was related with fuel cost (Beresteanu and Li, 2011; Chandra et al., 2010; Diamond,
2009; Eppstein et al., 2011; Gallagher and Muehlegger, 2011), which differs from the finding in this
paper. Specifically, (Beresteanu and Li, 2011) found that the EV sale in 2006 would be 37% lower
given that the gasoline prices remained since 1999 in the USA; Again in the USA, (Diamond, 2009)
found the correlation between gasoline prices and hybrid EV sale was much stronger than that
between incentive policies and EV sale; The studies by (Eppstein et al., 2011), (Gallagher and
Muehlegger, 2011) and (Chandra et al., 2010) found that the rise of gasoline prices could increase the
penetration rate of EV. It would be rather difficult to point out the exact reason why the fuel price in
our study is not influential in such a dynamic complex urban system. One possible reason may be that
the upfront cost (or EV price) tends to much more influential than fuel cost to the uptake of EVs, as
evident from a recent empirical finding about the influential factors in the Beijing EV market (Zhuge
and Shao, 2019): it was found that vehicle price accounted for 32.3% of the importance, compared to
the other five typical factors that have been widely studied, namely vehicle usage (28.1%), social
influence (9.7%), environmental awareness (9.6%), purchase restriction (12.4%) and traffic restriction
(7.8%). Although both electricity and petrol prices almost do not influence the EV adoption at the
macro level, they can heavily influence the spatial distributions of vehicular emissions, the electricity
demand from EVs and charging facilities. Therefore, varying the fuel price would still be helpful if
the EV-related stakeholders want to change the geographical distributions of those connected urban

elements, in order to meet their specific requirements. For example, local authorities may want to get
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an optimal distribution of charging demand from EVs through varying fuel price, in order to mitigate
the potential negative impact on the electricity system. Such systematic spatial analyses of the
influences of fuel price on the uptake of EV have been seldom carried out (Chandra et al., 2010;
Eppstein et al., 2011; Gallagher and Muehlegger, 2011), though they can help better understand the
role of fuel price at multiple resolutions.

6 Conclusions

This paper tried to explore the role of those cost-related factors (i.e., Plug-in Hybrid Electric VVehicle
(PHEV) subsidies, electricity prices and petrol prices) in the uptake of Electric Vehicle (EV) at the
individual level, using a calibrated and validated agent-based urban model (SelfSim-EV). The key
findings are summarized as follows: Doubling PHEV subsides could increase the PHEV sale, which
could slightly influence those connected urban elements at the macro level, such as the number of
public charging posts. However, there was almost no influence of fuel prices on these urban elements.
At the micro level, varying PHEV subsidy or fuel price could heavily influence these urban elements:
these “what-if” scenarios had significantly different spatial distributions of vehicular emissions,
electricity demand and charging posts, compared to the Reference Scenario (RefSc). Both the
aggregate results (e.g., EV penetration rates, sale prices and subsidies) and spatially disaggregate
outcomes (e.g., the geographical distribution of vehicular emissions at the link level and spatial
distribution of charging demand at the zone level) are expected to be useful for the decision-makings

of the EV-related stakeholders, such as the government, urban planners and fuel suppliers.

The future research work will be focused on the following three aspects: First, although SelfSim-EV
was found as a quite useful tool to investigate the role of possible influential factors in the diffusion of
EV, it was difficult to explain some unexpected results coming out from the interactions between
several evolving urban sub-systems (e.g., transportation and land use systems). Further analyses are
needed to provide insights into the interactions at the individual level, so as to better understand those
unexpected results; Second, fuel prices were found as not influential to the uptake of EVs in this case
study. However, this may vary from case to case, and thus should be further investigated in as many
case studies as possible; Third, this paper is focused on two typical types of cost-related factors,
namely subsidy and fuel price. It would be interesting to further explore how other policies (e.g., the
license plate lottery policy) may influence the uptake of EVs using SelfSim-EV. This would help

policy makers to choose those policies that could promote the development of EVs more effectively.
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