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ABSTRACT

Vehicle electrification, an important method for reducing carbon emissions from road transport, has been promoted globally. In this study, we
analyze how individuals adapt to this transition in transportation and its subsequent impact on urban structure. Considering the varying travel costs
associated with electric and fuel vehicles, we analyze the dynamic choices of households concerning house locations and vehicle types in a two-
dimensional monocentric city. A spatial equilibrium is developed to model the interactions between urban density, vehicle age and vehicle type.
An agent-based microeconomic residential choice model dynamically coupled with a house rent market is developed to analyze household choices
of home locations and vehicle energy types, considering vehicle ages and competition for public charging piles. Key findings from our proposed
models show that the proportion of electric vehicles (EVs) peaks at over 50% by the end of the first scrappage period, accompanied by more than
a 40% increase in commuting distance and time compared to the scenario with only fuel vehicles. Simulation experiments on a theoretical grid
indicate that heterogeneity-induced residential segregation can lead to urban sprawl and congestion. Furthermore, households with EVs tend to be
located farther from the city center, and an increase in EV ownership contributes to urban expansion. Our study provides insights into how
individuals adapt to EV transitions and the resulting impacts on home locations and land use changes. It offers a novel perspective on the dynamic
interactions between EV adoption and urban development.

1. Introduction

Traffic emissions have long been identified as a critical issue in urban transportation and are among the primary contributors
to CO, emissions [1,2]. According to the International Energy Agency (IEA), road transport alone is responsible for
approximately one-sixth of worldwide total CO, emissions, highlighting the urgency for deep decarbonization in this area [3—
5]. Due to the increasingly low-emission electricity sources, electric vehicles (EVs) are becoming an important strategy for
the decarbonization of road transport [6]. By 2022, EVs represented 14% of all new car sales, totaling over ten million vehicles
per year, which contributed to significant environmental milestones with an estimated 80 million tons of greenhouse gas
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The transition to electric mobility represents a transformative shift in transportation and urban land use, with far-reaching
implications for households, cities, and infrastructure. As EVs become increasingly prevalent, it is essential to understand the
factors influencing their adoption and the subsequent impact on residential location choices. Typically, EVs have a higher
initial purchase price compared to fuel vehicles (FVs). For example, in January 2024, the average price for new EVs in the
United States was 55 353 USD, while it stood at 47 401 USD for FVs, showing a notable difference of 7 952 USD [11].
However, when evaluating operational costs, the scenario shifts significantly. Electricity, as a fuel source, proves to be more
cost-effective than conventional fossil fuels. As reported by the IEA [12], in 2022, fuel-economy battery EVs in the United
States generally consumed less than 25 kW-h per 100 kilometers, with an average electricity price of 0.15 USD-(kW-h)™! for
private charging and 0.30 USD-(kW-h)~! for public charging. In contrast, fuel-economy internal combustion engine vehicles
consumed between 5.9 and 10.1 liters of gasoline per 100 kilometers, with an average gasoline price of 1.0 USD-L™! in 2022
[12].

While the operational cost advantages of EVs make them an appealing choice for commuters, the decision to adopt EVs is
shaped by a complex interplay of personal, locational, and infrastructural factors. Studies have examined the personal and
locational factors influencing the current adoption of EVs from a cross-sectional perspective [13,14]. Duarte et al. [15]
assessed the feasibility of wireless charging for EVs in Lisbon, Portugal, as a case study, to address the limited driving range
issue in the EV adoption. Rietmann and Lieven [16] conducted an empirical study on the effectiveness of monetary incentive
policies in 20 countries. They found tax credits for purchasing EVs are effective but less effective than rebates. Klein et al.
[17] use an agent-based simulation to explore how the availability of home charging options affects the diffusion of EVs in
Germany. As shown by Klein et al. [17], the importance of home charging options decreases with the improvement of public
charging infrastructure. While many researchers have studied the impacts of charging infrastructure on EV adoption [18],
limited research focuses on the interactions between public charging infrastructure on EV purchase behaviors and residential
location choices.

Despite the growing body of research on EV adoption, there is a notable gap in understanding how these factors interact
with residential location choices. The operational cost advantages of EVs make them attractive for commuters, particularly
those living far from their workplace. By significantly reducing commuting expenses, EVs have gained popularity as a daily
travel option [19]. This is particularly relevant in the context of long-distance commuting trips. The high mileage associated
with long commutes amplifies the importance of fuel efficiency and the cost-effectiveness of EVs compared to traditional
FVs. Therefore, adopting EVs saves commuters money and allows households to live further from the central business district
(CBD) with limited commuting expenses (as shown in Fig. 1). This strategic relocation has the potential to lower house rents
without the added burden of higher commuting expenses typically associated with traditional FVs over long distances.

CcBD Suburb

Rent
A A )
EH Commuting distance

/ Convenient

{@‘ low purchase price

Low unit distance LLI]
cost FVs

Fig. 1. Trade-off between FVs and EVs.

Furthermore, the interaction between residential relocation and EV adoption has significant implications for urban systems
[20], which is consistent with the finding in Ref. [21]. The choice of vehicle energy type is closely linked to commuting
patterns [22] and housing decisions, which in turn influence traffic flows [23], urban density, and the spatial distribution of
households.

This paper thus aims to analyze how individual households adapt to the transition to electric mobility considering their
vehicle type and house location in a monocentric city. Considering that expenses, such as energy consumption and
depreciation, are affected by vehicle aging, the impact of heterogeneous vehicle ages is considered. A spatial equilibrium is
developed that allows consideration of the interactions between urban density, vehicle age and vehicle type. By dynamically
integrating an agent-based model (ABM) framework, we perform micro-simulations of household location preferences and
vehicle choices considering a two-dimensional (2D) monocentric urban landscape.

The contributions of this study are twofold. Firstly, it integrates household commuting costs across various vehicle types
and residential choices, and analyzes the spatial interactions between them. While extensive research exists on EV adoption
[18,24], studies exploring the impact of EV adoption on urban structure are rare. We find that households opting for EVs tend
to reside further from city centers, and the increase in EV ownership contributed to urban expansion. Secondly, we investigate
the impact of vehicle age on the adoption of EVs and urban structures. To our knowledge, there is limited research on how
the age of vehicles affects household locations, although some studies have examined the impact of vehicle age on ownership
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Moreover, residential segregation caused by the heterogeneity in vehicle age can lead to urban sprawl and congestion.

The remainder of this paper is organized as follows. Section 2 presents the literature review. Section 3 presents a theoretical
model to describe household behavior. Section 4 presents the parameter calibration and simulation. Finally, Section 5
discusses the results and concludes the paper.

2. Literature review

2.1. EV purchase behavior

The external factors influencing the decision to purchase an EV can be grouped into three domains: financial, technological,
and contextual.

Firstly, financial factors refer to the monetary cost of vehicle purchase and ownership. The comparison of ownership and
driving costs between EVs and FVs is considered an important factor influencing consumers’ purchasing attitudes and
intentions [25]. The EV purchase price has been identified as the most significant obstacle to widespread EV diffusion [26,27].
Cano et al. [26] found that without government incentives, none of the available EVs with a premium satisfied the
requirements of over 50% of US consumers. However, EVs offer an advantage over FVs in terms of their operational costs.
Electricity is more economical than conventional fossil fuels [28,29]. Dumortier et al. [30] discovered that the financial
benefits of reduced energy consumption offset significant or all of the initial price premium in the long term. Therefore,
despite the higher initial purchase cost, EVs tend to be more cost-effective because of the lower operating [31-33] and
maintenance expenses over their operational lifetime [34].

Secondly, technological factors such as driving range and charging duration are also critical. The limited driving range is
frequently reported as a key technical barrier preventing consumers from purchasing EVs [35-38], particularly in regions
such as the United States, where reliance on public transit is low, and travel distances can be extensive [39]. In addition, the
charging duration of EV batteries is another significant factor that influences consumer adoption. The duration of EV battery
charging, which is considerably longer than that of refueling a conventional vehicle [9,40], presents a challenge to the
convenience and practicality of EVs for daily use [41]. Other performance characteristics, such as model variety, top speed,
and acceleration while contributing to driving satisfaction, are typically considered secondary to cost factors, especially for
consumers using EVs for commuting [42,43].

Thirdly, the contextual factor refers to the availability of charging stations, which is another critical determinant in EV
adoption. Research has shown that the development of charging infrastructure has a positive impact on saving the searching
costs for EV users, thus relieving their range anxiety [44—47]. This is particularly true in dense urban areas where access to
home charging is limited [12], making public charging infrastructure a crucial factor for EV adoption. Although early EV
adopters are more likely to have the capability to install home chargers, it may lead to the overloading of the electricity
distribution system. Tarei et al. [48] highlighted the global issues of electricity distribution system overloading and insufficient
charging infrastructure capacity during peak hours, suggesting that inadequate charging reliability and quality can hinder EV
adoption. Moreover, the uncertainty in electricity supply plays an important role in charging EVs [49]. Charging control
strategies and home energy systems are necessary to reduce peak loads and balance the power grid for home chargers [49—
52].

2.2. Interaction between urban land use and transportation

In the field of urban land use—transport interaction (LUTI), extensive research has been devoted to understanding and
predicting households’ choices regarding residential and job locations, along with the associated daily activity-travel patterns.

The fundamental principle for co-determining land use and transport has been acknowledged by many scholars [53,54],
and is supported by theoretical research and empirical findings from different contexts [55-57]. Classical microeconomics
theory [58—61] provides a robust framework for qualitative analysis of the long-term relationship between land use and
transportation. The development of utility-based models facilitates the capture of complex choice behavior dynamics involved
in land use and transport decisions at the individual level [62—64]. In the monocentric city model introduced by Alonso [58],
Muth [65], and Mills [66], the city center contained the CBD, which represented access to jobs. Residents made locational
choices to maximize their utility by balancing the trade-off between commuting costs and housing affordability. The model
predicted decreasing population density, land value, and housing prices as people moved farther from the CBD.

Similar to many purely theoretical studies, these theories employ mathematical formulae for micro-level and individual
analyzes. Although the complexities of these models vary, they all share the attributes of conciseness and tractability. However,
they encounter challenges in effectively addressing the intricate dynamics between residents and their constructed
surroundings, particularly when modeling 2D urban landscapes. Wegener [67] conceived the complex two-way dynamic link
between the land-use and transportation systems as a “feedback cycle.” Within this cycle, complex interactions exist between
several physical, sociodemographic, economic, and policy change forces. Thus, isolating and measuring the mechanisms
through which the systems impact each other is challenging.

Grounded in complexity theory, which positions cities as dynamic, adaptive systems comprising multiple interacting
components [68], ABMs are increasingly being recognized as a suitable approach for capturing the dynamics of land use and
transportation systems. They follow a bottom-up approach that forecasts aggregate urban attributes and land-use patterns
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among agents, and out-of-equilibrium dynamics and interactions. This provides modelers considerably greater freedom in
model design [69—74]. Moreover, ABMs are highly skilled at capturing the dynamic complexities of spatial interactions and
effectively represent citywide attributes and land use patterns [75].

As mentioned above, the rising adoption of EVs is beginning to influence household choices of residential locations,
potentially reshaping urban land-use patterns. However, the research on the iterations between household location choices
and vehicle energy types is rare. As EVs become more prevalent, the relationship between land use and transportation is likely
to undergo significant changes, necessitating a deeper exploration of how shifts in vehicle energy types integrate into the
broader urban context. To address this, we develop an ABM in this study to simulate the interaction between household
residential choices and vehicle energy types, incorporating factors such as vehicle age and the availability of charging
infrastructure.

3. The analytical spatial equilibrium model

Consider a monocentric closed city with a CBD located at the center at the crossing of two perpendicular main roads. Thus,
the population size N is fixed and all residents work in the CBD. The city is designed as a square with an exogenous maximum
boundary. The space is divided into discrete land parcels of unitary size, and each is identified by coordinates (x, y), where
x and y represent the horizontal and vertical coordinates, respectively. These parcels are designated solely for residential or
agricultural use, and mixed use is prohibited. We measure the distance between the parcels using Euclidean distance. In
addition, residents could migrate annually without incurring moving costs.

In this city, each household comprises a single worker and is identical in terms of the daily total available time T, and wage
rate w. Households allocate their time to commuting, working, and leisure activities. The wage income for each household is
calculated as the product of the wage rate and total working hours. Households encounter a maximization problem wherein
they decide on the consumption of a composite good, the amount of housing space, and the amount of leisure time in their
parcel (x,y). All parcels are accessible and have an exogenous road capacity F, and the parcels in main road capacity are
doubled. Households commuted to the CBD on the shortest path by car. The travel time per unit distance is equal to the sum
of the free-flow travel time and congestion delay caused by the aggregate traffic flow. We consider a five-year vehicle
scrapping period to capture the perspective of typical households that are used as payback periods for private car owners [76].

3.1. Behavior of households
Following that in literature (e.g., Tikoudis et al. [77], Larson and Zhao [78], and Candia and Verhoef [79]), a constant

elasticity of substitution (CES) utility function U is adopted to model the utility of households at a given residential location
(x, y), which is given by

U = [(8:5Cey)) + (6.2(63)) + (Gilxy)?1 e (1)
where 85, 6,, 85, and p < 1, p # 0 are exogenous parameters and o = 1/(1 — p) represents the elasticity of substitution in the
CES function between housing s(x,y), non-spatial composite goods z(x,y), and leisure time I(x,y). Households have a total

time endowment T, which is used for working t,,(x,y), commuting 2t.(x,y), and for leisure [(x,y). Then, the time budget of
households is expressed as:

T=tj(xy) +2tc(xy) Hxy) ()
Thus, households’ working time tj(x,y) is expressed as:
G(oy) =T =2te(xy) —l(xy)  (3)

We assume that everyone has the same wage rate w, and that households’ wage income depend only on their working time
ty. Denote the households’ wage income as I, and we have:

Iey) = 50y)w “

Household consumption includes expenditures on non-spatial composite goods, rent, and commuting. Thus, the total
household consumption is expressed as:

pZ(x,y) t7(x,y)S(xy) + ek(xy) = I(x,y), k={FVEV},n={12..,5} )
The market price of the composite good is p, the rent cost per unit of land at location (x, y) is (%, y), and e} (x,y)denotes

the commuting cost of type k vehicles of age n. Substituting Eq. (4) into the budget constraints (Eq. 5), the budget constraint
4
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It is helpful to define M(x, y) as the maximum income after commuting costs that can be realized when leisure time is
chosen to be zero, which is given by Candia and Verhoef [79]:

MQoy) =w(T - 2tc(xy)) —ek(xy) (1)

Maximizing Eq. (1) on the parcel (x, y) and subject to Eq. (6) yields the Marshallian demand functions for composite
goods, housing space, and leisure time (Egs. (8)—(10)), which are given by:

(o). ®)

70 = My G s @wrr G

e @ Ir )
$'x0Y) = MENG e O

) = M) @y’
Py =M@ G @@ (10)

where y = p/1—p. Substituting Eqgs. (8)—(10) into the utility function in Eq. (1) yields the indirect utility function:

X 5 X X 1/x
) +(;) +(;)> 11)

S5

r(xy)

Vixy)=M (x,y)<(

3.2. Commuting time and travel cost

All households commute to the CBD via EVs or FVs. Commuting time depends on the traffic speed on the road to the
CBD. Based on the “Bureau of Public Roads” specification [78] of the traffic congestion function, the traffic speed function
S(i, j), is expressed as

L 1
S = zray: (12)

where a, b, and c are traffic congestion parameters, i and j represent the horizontal and vertical coordinates of road segments,
respectively, and and Q(i, j) is the ratio of the aggregate traffic flow to the exogenous road capacity R(i, j), which is expressed
as:

Q P —_ ;Z 6 .. 3
@D = rap (x,y)eKH(x'y) @y (13)

Here, H(x,y) represents the number of households in the parcel (x,y). Dummy variable 8; ) x) equals 1 if (i, j) is on the
path from (x,y) to CBD, and 0 otherwise. Thus, the commuting time at location (x, ¥) is expressed as:

tc(xy) = Z 4@ (14
¢ (i’j)ep(x,y) S@) ( )

where the set P(x) = {(1j)|6(i,j,cxy) = 1}, d(i, j) represents the traveling distance of the parcel (i, j), which is related to cell
resolution and direction.

The commuting travel costs of households include the annual fixed cost of owning a vehicle, Oy, maintenance costs related
to the length of commuting trips my, and energy consumption costs of commuting trips. The annual fixed cost of a vehicle
depends on its purchase price and the annual depreciation rate [76,80]. The fixed cost of owning a car in year 7 is thus given
by:

Ok(n) = 0k(1—0.10)"!  k=(FVEV},n={1,2..5} (15)

where O3 is the fixed cost for the first year of owning a k energy-type vehicle. Following Larson and Zhao [78], the fuel
consumption per kilometer of the FVs is given by:
5
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where the denominator is a fourth-degree polynomial function of velocity, representing fuel efficiency in miles per gallon
[81]. Following Fiori et al. [82], the electricity consumption per kilometer of the EVs is given by

Ge(i)) = B+ B2S()) + B3SW)H* (17

where (a,a,,a3,a4,as5,a6) and (81,B2,83) are technical parameters [83,84]".

Considering the challenges associated with the driving range and charging times, we further assume that an extra cost v, is
required for households with EVs. Moreover, we assume that households do not have home chargers for their EVs, and thus
they can only use public charging piles [17]%.

The driving ranges of EVs depend on the degradation of battery capacity [85,86], and the reduction in the battery capacity
requires more frequent charging, which causes inconvenience and range anxiety for the owners. In our study, we assume the
battery capacity of EV's decays exponentially at a rate of (1 — 7), where 7 represents the annual decay rate of battery capacity.
This means that the battery capacity of an EV aged # years is (1 — 7)™ ! times its original capacity, and define the extra cost
J(n) as

I =A1 - (18)

where A is a constant that signifies the inconvenience related to techrAlological drawbacks, and y is the ratio of the number of
EVs to the number of public charging piles within a given window W, which includes its own and adjacent cells. With 7 set
at 0.05 in our simulations, the capacity in the fifth year (n = 5) approximately reduces to 81.5% of its initial value, closely
aligning with many studies suggesting a retirement capacity near 80% [85,87—89].

Based on the above analysis, the commuting expenses of households with n-year-old EVs are thus given by:

CCeym) =06 +2), (et pele)) +OG)  (19)
LJ)EP (xy)

where pg represents the market prices of electricity. In this study, we assume that key EV parameters, including original
battery capacity, purchase prices, and electricity consumption rate, remain fixed throughout the time scale considered. This
approach allows us to focus on the EV depreciation costs associated with vehicle aging. However, future analyses should
explore the impact of variations in these parameters.

As for FVs, the wear and tear on engine components such as oil pumps, valves, and fuel injectors, can deteriorate over
time, leading to less efficient fuel consumption [90,91]. We assume a linear increase in FVs’ operational costs, 1 + £(n — 1),
to depict the increase in fuel consumption with vehicle aging. Thus the commuting expenses of households with n-year-old
FVs are given by:

er(x,yn) = Or(n) +22(,j) . (mg + (1 + e(n — D)ppGr(i,))dE)  (20)
LJ)EP (xy)

where € is an age-related ratio for FVs, and pg represents the market prices of fossil fuels. For example, if € = 0.05, it means
that as vehicles approach their end of life, their operational costs will be 20% [92] higher than those of new vehicles.

3.3. Dynamics based on an ABM framework

We assume that at the beginning of the study period, all residents in the city commute via FVs, with the vehicle fleet
characterized by a uniform discrete age distribution, meaning that an equal number of vehicles existed for each age group in
the city. Residents make house location choices, and an initial equilibrium is achieved in the first year.

As mentioned above, vehicle age affects fixed costs, and operating expenses (and thus commuting costs) increase

 The electricity consumption equation, Eq. (17), is derived from a quadratic regression line that was calibrated using the least-squares regression
method on real trajectory data. This database originates from the US Department of Transportation, the Federal Highway Administration’s Next
Generation Simulation (NGSIM) program [83], and the EU project MULTITUDE [84]. The NGSIM data is highly regarded as one of the most
valuable sources of microscopic traffic data and has been extensively utilized by researchers globally to further advancements in traffic flow
theory. The dataset includes real driving data, simulated data, and standardized test cycle data. The diversity and representativeness of these data
enhance the reliability and broad applicability of the equation’s predictive outcomes.

£ It should be noted that purchasing EVs sometimes come with home chargers, especially for early EV adopters. However, this is not always
possible for urban households, particularly in dense urban environments with limited private parking spaces, making public charging infrastructure
critical for EV adoption. As shown in Klein et al. [17], the importance of home charging options decreases with the improvement of public charging
infrastructure. Therefore, we only consider the case with public charging piles. However, home chargers do affect household behaviours in their
residential location choices, which should be explored in the future.
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established in the last year does not hold due to the change in the vehicle age structure. Thus, residents relocate by making
location and vehicle type choices, guided by the indirect utility function (defined in Eq. (11)), until a new equilibrium is
established.

Each year, the proposed ABM framework employes the concept of a time step ¢ to dynamically simulate residents’
behaviors and decisions within an urban environment (as illustrated in Fig. 2). At each time step t, a unit of residents select a
location to settle to maximize their indirect utility function, U¢, given in Eq. (11) based on the spatial distribution and rent in
the city at t — 1. We model a sequence of short-term equilibria that prevented the intra-city relocation of households [93,94].
Rents are adapted at every time step to consider alterations in costs and utility. In equilibrium, the rent rate for each residential
parcel (x, y) at each time step t is given by:

¢ X X L\ x
r) =8(Gress) — (Y =) T @

Herein, land, as a resource carries exogenous opportunity costs. This cost can be equated to the revenue derived from
agricultural production. Thus, the city’s land rent rate has a minimum value equal to the agricultural land rent, Rp [75,79]. If
the adapted rent rate r*(x,y) < Ra because of increased travel costs, households will reconsider their residential selection
within the city. An equilibrium is achieved when all households have settled in the city, each achieving a uniform utility level
and cannot improve their utility by unilaterally changing their locations or vehicle type.

Update vehicle ,» Vehicle age change
structure and scrapping
t+1 <

v

Update travel
expenses

|

Location choice — ----ewee

—t

Constrained
maximum utility

Yes l No

Traffic flow rent rate
residential density

Update pattern - »

Fig. 2. Annual processes of ABM with heterogeneous agents and the feedback of EV adoption on residential location choice. #: time step.
4. Simulations

To illustrate the proposed model, we conduct the following simulations. First, we consider only FVs and analyze the impact
of heterogeneity in vehicle age on resident choices and urban structures. We then introduce EVs as alternatives and analyze
household preferences for vehicle types. Finally, we explore the factors that affect EV adoption.

4.1. Benchmark scenario

In this section, a simulation is conducted for the benchmark scenario wherein all households used FVs for commuting and
the distribution of vehicle ages is uniform (Ng; = % i=1,2,.,5). The number of households is set at N = 100 000, with a

daily time endowment of T = 16 h. Further, the wage rate in the city is w = 60 RMB- h~!. The current price of No. 95 gasoline
7
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and aggregate traffic flow are linearly related. Following Larson and Zhao [78] and Fiori et al. [82], the technical parameters

of the energy consumption function (Eqs. (16) and (17)) are set as @1 = 3.78/1.6, a; = 0.822, a3 = 1.83, ay = —0.0486, as

=0.000651, ag =—0.0000037, 81 = 0.143, B, =—0.00191, and S3 = 0.0000228 [78,82]t. Considering the Chinese
automobile market, the price of the FVs is set at 150 000 RMB. The agricultural land rent R, is fixed at 40 RMB for one unit
of space per day, implying a minimum monthly rent of 1200 RMB for a house with one unit of space.

We standardize the weight parameter for composite goods &, to 1 and calibrate other parameters using data from the
Beijing Transport Development Annual Report [95]. The calibration results are presented in Table 1, where the commuting
distance, time, working hours, and housing costs are expressed on a daily per capita basis. In the benchmark scenario (row 1
of Table 1), the resolution is set to 1 km, (85, 6;, §,) = (200.93, 27.73, 1.00), [79] and p = —1, resulting in a CES between
housing space, leisure time, and composite goods of ¢ = 1/2. The simulation parameters result in an average daily commuting
distance of 9.02 km, commuting duration of 1.27 h, and working hours of 8.34 h, which closely align with the actual situation
in Beijing (China). In this scenario, the monthly average wage in the city is 11 008.8 RMB, including an average monthly
housing expenditure of 3 943.06 RMB and a commuting cost of 1 549.76 RMB, with the remainder spend on composite
goods.

Table 1
Parameters calibration for the benchmark.
Scenario Parameter values Resolution (km) Commuting distance ~ Commuting time (h) Working hours (h) Housing cost (RMB)
(65, 6[! 5szvRA) (km)

(200.93,27.73,1.0,— 1.0 9.02 1.27 8.34 179.23
Scenario 1

(150.93,47.73,1.0,— 1.0 7.67 1.13 9.20 197.70
Scenario 2

(150.93,47.73,1.0,— 1.5 14.21 1.94 8.90 227.96
Scenario 3

(200.93,27.73,1.0,— 2.0 16.04 2.39 7.92 198.25
Scenario 4

(250.93,17.73,1.0,— 1.0 6.21 0.98 7.76 150.33
Scenario 5

(200.93,37.73,1.0,— 1.0 11.41 1.59 8.66 197.24
Scenario 6

(200.93,27.73,1.0,— 1.0 9.97 1.44 8.62 188.02
Scenario 7

(200.93,27.73,1.0,— 1.0 10.30 1.32 8.14 182.41
Scenario 8

Fig. 3 shows that households with different vehicle ages form a pattern of residential segregation. The city layout extends
diagonally, instead of along the main roads, which is related to our assumption that residents take the shortest distance to
work. When commuting to the CBD, residents prioritize minimizing the distance over avoiding congestion. This preference
result in a dominant trend of approaching the CBD via diagonal routes within adjacent parcels, effectively reducing the length
in both the x and y directions. Consequently, residents located on these diagonal paths travel directly to the CBD, whereas
those in other areas initially move diagonally towards the main roads before following them to the CBD. The main roads,
which serve as a collective route for households from various parcels, become heavily congested. Housecholds avoid this
congestion by living near diagonals, even if this implies a longer distance from the CBD. This choice results in a distinctive
city outline characterized by expansion outward along the diagonal axes.

 The parameters (@2-as) of the electricity consumption equation, Eq. (17), are derived from a quadratic regression line resulting from fitting a
fourth-degree polynomial to empirical data provided by Ref. [78]. The inverse of the fuel efficiency function yields a fuel consumption function
in gallons per mile. For convenience in calculations, we use the numerator, @1, to convert this into the international unit of liters per kilometer.
The conversion factor 3.78 is used to convert gallons to liters, and 1.6 is the conversion factor from miles to kilometers. Meanwhile, the parameters
(B1-P3) refer to the coefficients from the fitting curve for EVs as given by [82].
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Fig. 3. Urban structures of benchmark: household density (darker color: greater density, CBD: the red square in the center).

As shown in Fig. 3, the heterogeneity in vehicle age leads to residential segregation. Residential circles radiate from the
CBD to the periphery of the city based on vehicle age heterogeneity. Vehicle age declines from the CBD towards the boundary,
indicating a concentration of households with older vehicles in city centers. In contrast, households with newer vehicles tend
to cluster near the boundary of the city, as depicted in Fig. 3. This may be because the commuting expenses of older vehicles
are much more sensitive to the travel distance, which makes them choose house locations near the center. In contrast, the
commuting expenses of newer vehicles are less sensitive to the travel distance, and the high fixed cost of newer vehicles may
limit households to more affordable areas further from the high-rent city center. Given that older vehicles typically exhibit
lower efficiency and adhere to lower emission standards, this pattern suggests a potential exacerbation of traffic congestion
and emissions in the city center due to the prevalence of older vehicles.

According to the standard monocentric model of spatial structure, population density is expected to decline with increasing
distance from the CBD [58,65,66], a phenomenon strongly supported by empirical evidence [96-99]. The same trend is shown
in Fig. 3, as residential density generally decreases from the CBD toward the boundary of the city. It suggests a preference
among residents to live closer to the city center to minimize commuting distances [100—-102]. Within residential zones
characterized by the same vehicle age, the residential density consistently diminishes as the distance from the city center
increases. It should be noted that the initial density in a residential zone composed of newer vehicles may exceed that at the
periphery of a residential zone dominated by older vehicles.

4.2. Equilibrium with EVs

In this section, we introduce EVs as alternatives to household commuting. We assume that a vehicle must be scrapped after
five years. Before that, households are provided the opportunity to replace their vehicle with a new one at the start of each
year. We set the electricity price of the charging piles as pg = 1.5, the decay rate of battery capacity as T = 0.05, and the
purchase price of EVs to be 160 000 RMB, which is slightly higher than that of FVs. The number of charging piles is 100 per
square area, and the number on the vertical main roads is doubled. The constant parameter of inconvenience cost (IC) in Eq.
(18) is given by A = 100/e, implying that if there are 100 households with EVs in a square that is not close to the main road,
the IC they suffer every day is equivalent to an economic loss of about 40 RMB. The other conditions are similar to the
benchmark situation. We conduct simulations in the city for ten years (i.e., two scrapping cycles).

Fig. 4 illustrates the annual trends in the proportion of EVs, electric consumption (kW-h), and fuel consumption (L). EV
adoption shows a consistent growth in EV adoption from the first year to the fifth year (i.e., during the first scrapping cycle
period). The proportion of EVs reaches its maximum value in the fifth year, which is above 0.5 (i.e., the number of EVs
exceeds that of FVs). However, the proportion of EVs has a large decrease in the sixth year. After that, it begins to increase
again until the ninth year, and encounters a decrease in the last year. The final proportion of EVs is about 0.34, which is close
to that in the fourth year. Over a decade, the proportion of EVs increases significantly, peaking in the fifth year. This shift
towards EVs correlates with a rise in electric consumption and a decline in fuel consumption (as shown in Fig. 4(a)). The data
shows that as more EVs are adopted, the overall vehicles’ energy cost structure transitions from gasoline to electricity,
reflecting the changing consumption of energy use in urban transportation.

Fig. 4(b) presents the proportion of households that chose to replace their cars each year. It can be observed that the
proportion of households that chose to replace their cars annually (the sum of EVs and FVs) is approximately 0.2, which is
close to the proportion of vehicles forced to be scrapped every year. It implies that almost no households actively replaced
vehicles with new ones before they reach the scrapping year. Hence, only the original FVs in the city are scrapped annually
in the first scrapping period, and car owners reselect vehicle energy types, which explains the growth of EVs in the first
scrapping period.

However, in the sixth year, the proportion of EVs decreases significantly, which is related to the housing competition
between EV and FV owners. The FVs near the EV distribution area are new cars with a car age of one year. They are
distributed in the outermost layer of the area where the central FVs are located. At the beginning of the sixth year, the cars
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FVs, as shown in Fig. 4(b). Due to the owners of old FVs living in high-density residential areas close to the CBD, the
residential structure of the city is compact. Choosing FVs can benefit more from lower purchase prices than EVs. Therefore,
households chose FVs more, resulting in a large decrease in EVs in the sixth year. The same reason can also explain the large
number of EVs in the fifth year and the large number of FVs in the tenth year.
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Fig. 4. Temporal evolution of EV adoption and energy cost. (a) Evolution with energy consumption; (b) annual new vehicles.

Fig. 5 is an energy cost contour plot. It consists of two contour plots depicting fuel cost (left) and electricity cost (right) for
year ten. They represent varying levels of fuel cost in liters and different levels of electricity cost in kW-h. These plots show
the energy consumed by each household if they use a vehicle for commuting in that location. The central area shows the
lowest energy costs, with costs increasing outward. The shape of the fuel cost contours indicates a non-uniform distribution,
likely influenced by factors such as distance and congestion levels. In contrast, the electricity cost contour plot demonstrates
a more uniform and predictable pattern.
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Fig. 5. Energy cost contour plot of year ten: (a) fuel cost (L) and (b) electricity cost (kW-h).

According to the latest internal combustion engine fuel economy data released by the IEA, each gallon of gasoline produces
approximately 8887 g of CO,. Based on this, each liter of gasoline generates about 2350 g of CO,. Electricity emissions vary
depending on the source of the electricity and can be categorized into low-carbon and high-carbon scenarios. In the low-
carbon electricity scenario, where the primary sources are renewable energy or nuclear energy, 1 kW-h of electricity consumed
produces 50 g of CO,. Conversely, in the high-carbon electricity scenario, where the primary sources are coal or natural gas,
1 kW-h of electricity consumed produces 800 g of CO,. In practice, the emission intensity of electricity generation varies by
country and region, reflecting a mix of these scenarios. For instance, in 2020, China’s emission intensity is approximately
600 g of CO, per 1 kW-h, representing a blend of low-carbon and high-carbon energy sources [103,104]. Based on these data,
we plot the overall trend in carbon emissions as shown below.

Fig. 6 illustrates the change in CO, emissions relative to the proportion of EVs. The red line represents CO, emissions from
fuel consumption, which shows an inverse trend to the proportion of EVs. Notably, even in the fifth year, when the proportion
of EVs is at its peak, CO, emissions from fuel consumption remain twice as high as those from electricity consumption
(yellow line), and they consistently constitute a significant portion of the overall CO, emissions (black line). CO, emissions
from electricity consumption exhibit the same trend as the proportion of EVs, primarily due to the reliance on high-carbon
electricity sources. This indicates that despite the growth in EV adoption, there is substantial potential for further carbon
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2 shows the direct correlation between increased commuting time and reduced leisure and working hours, which adversely
affect individual well-being and the economy. Moreover, there is a notable positive relationship between the number of land
squares developed for housing, commuting distance, and commuting time. In the fifth year, the city reaches its maximum
spatial scale with 2292 housing squares, resulting in the highest average commuting distance (13.54 km) and time (1.95 h),
both of which exceed the figures in the baseline scenario. However, the tenth year stood out as an exception. Its average
commuting distance decrease to 8.78 km, in contrast to the benchmark of 9.02 km. However, commuting time has increased,
which is linked to the distribution of residences. Compared with the benchmark, areas near the CBD exhibit a higher presence
of low-density squares. These are encircled by high-density enclosures, leading to increased congestion [105].
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Fig. 6. Annual trends of EV proportion and CO, emissions.

Table 2
Output of annual equilibrium with EVs.
Year Developed square  Proportion of EVs ~ Commuting time (h)  Leisure time (h) ~Commuting distance (km)  Housing cost (RMB)  Working hours (h)

1471 0.17 1.27 5.17 9.04 173.96 8.30
1

1475 0.24 1.26 5.15 8.83 175.64 8.32
2

1582 0.31 1.30 5.09 9.21 177.12 8.30
3

1531 0.36 1.30 5.11 9.22 173.99 8.27
4

2292 0.54 1.95 4.07 13.54 194.52 8.02
5

1761 0.41 1.47 4.85 10.49 178.92 8.21
6

1887 0.45 1.54 4.72 11.07 183.32 8.21
7

2034 0.48 1.61 4.58 11.79 187.99 8.21
8

2104 0.52 1.76 4.41 12.50 185.07 8.08
9

1471 0.34 1.32 5.13 8.78 170.12 8.22
10

Fig. 7 illustrates annual overall average trends in various variables within our model over 11 years. These variables include
commuting time, commuting distance, housing space, rent, leisure time, non-spatial composite goods cost, and working time.
In Figs. 7(a)—(e), the left y-axis shows average commuting time, while the right y-axis represents different variables. Fig. 7(f)
presents the changes in working time and leisure time. Fig. 7(a) depicts the trends in commuting time (gray line) and
commuting distance (cyan line). Both metrics show minor fluctuations from the baseline year (year 0) to year 4. However, in
year 5, there is a noticeable increase, with commuting time rising from 1.3 h in year 4 to over 1.9 h. Similarly, the commuting
distance increases by more than 4 km, exceeding 13 km. This pattern mirrors the trend observed in the proportion of EVs,
where both metrics sharply decline in year 6, followed by growth that continues until year 9. In the final year, both commuting
time and distance decrease.
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Fig. 7. Evolution of main variables. The trends in (a) commuting time and distance, (b) commuting time and housing space, (c) commuting time
and rent cost, (d) commuting time and leisure time, (¢) commuting time and goods cost, and (f) working time and leisure time.

This suggests an almost monotonous relationship, where greater average commuting distance tends to result in longer
commuting times. Fig. 7(c) shows the rent cost for housing space, and Fig. 7(e) illustrates the non-spatial composite goods,
both following a similar trend to commuting time. However, in Fig. 7(c), the rent cost does not entirely align with the changes
in commuting time. For example, rent cost decreases from year 8 to year 9 while commuting time increases. This suggests
that households’ rent costs may be influenced by multiple factors, not solely commuting time.

The housing space in Fig. 7(b) and the leisure time in Fig. 7(d) exhibit trends opposite to those of commuting time. The
increase in commuting time has led to a reduction in both working time and leisure time. As shown in Fig. 7(d), the substantial
increase in commuting time in the fifth year result in a significant decrease in leisure time, exceeding one hour. In contrast,
Fig. 7(f) shows that although working time also decreases concurrently, the reduction is relatively smaller, around 0.2 h. This
indicates that the impact of changes in commuting time is more pronounced on leisure time, a pattern that persists even when
commuting time decreases.

Fig. 8 shows the annual distributions of housing density and vehicle energy structure in urban areas. It can be observed that
households with FVs tend to be located in areas closer to the CBD, and those with EVs are more likely to reside far from the
center. This is because EVs have lower operational costs, and thus are more beneficial for long commuting distances. With
the increase in the proportion of EVs, the range of households with FVs gradually decreases over time (i.e., the shrinking blue
areas in Fig. 8), especially for the first five years.

Fig. 8 shows that households with older vehicles are concentrated close to the CBD, while those with newer vehicles tend
to be located close to the periphery, which is consistent with that in Section 4.1. It suggests that the residential segregation
caused by the heterogeneous agents is maintained when EVs become one potential option for commuting. Moreover, the
residential density in the areas occupied by EV users tends to be low. One of the reasons for this is that the charging facility
network is not yet adequately developed, which leads to much higher ICs when the residential density is high. The low
residential density of EV users and the high adoption rate of EVs further result in urban sprawl. To construct compact cities
while promoting EVs, it is essential to enhance the layout of the charging infrastructure in densely populated regions, thereby
reducing ICs.
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Fig. 8. Temporal evolution of urban vehicle energy and housing density structure (blue: households with FVs; green: households with EVs; purple:
the mix of heterogeneous agents; darker colors mean greater density).

4.3. Factors affecting EVs adoption

4.3.1. Impacts of EV purchase price, IC, and fuel price

Fig. 9 illustrates the impact of critical factors on the adoption of EVs throughout the transition of energy sources in the
automotive sector. The graph sequentially represents the proportions and influences of EV pricing, inconvenience, and the
impact of gasoline fuel prices from left to right. The electricity adoption rates under different scenarios show a consistent
increase from the first year to the fifth year.
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Fig. 9. Impact of main factors (a) EVs purchase price (RMB), (b) IC, and (c) fuel price (RMB) on EV adoption.

The annual evolution of the EV adoption rates under different purchase price scenarios is depicted in Fig. 9(a). Overall, an
increase in the purchase price leads to a decrease in EV adoption rates, particularly when the purchase price rises from 180
000 to 190 000 RMB, where the change is especially noticeable. The electricity adoption rates show a consistent slow increase
all the time when the purchase price of EVs is 190 000 and 200 000 RMB. In Beijing, as 0of 2023, new energy vehicles account
for less than 10% of passenger cars [95]. The curve at an EV purchase price of 190 000 RMB aligns closely with this scenario,
thus serving as the baseline for the comparison in Fig. 9(b). For the remaining four price scenarios, the EV adoption rates
grow rapidly at the beginning. The proportion of EVs reaches its maximum value in the fifth year. After that, the EV adoption
rates start to fluctuate.

Fig. 9(b) illustrates the impact of varying ICs on EV adoption. In the benchmark scenario, the proportion of EVs steadily
rises, peaking at around 0.5. When the IC is halved, the adoption rate significantly increases, with the proportion of EVs
nearing 0.7 by the tenth year. In the scenario where IC is reduced by 30%, the adoption rate shows an even more substantial

13



increase_with the nronartion of EVe nearino 1 0 hv the tenth vear Thic demangtratec that redincino the IC af ncino FVe oreat]y

pror 5 o ) 5 rios.
With fuel price increases, the adoption rates are higher than the benchmark, peaking just below 0.7. This indicates that higher
fuel prices incentivize the switch to EVs.

Considering the current landscape, many cities and regions have attained a notable EV penetration rate of 0.10, as illustrated
in Fig. 10. By comparing this with the scenario starting at zero, we observe that the established presence of EVs in the city
positively affect households’ inclination to choose EVs. This trend suggests that the rapid market expansion has substantially
influenced the widespread adoption of EVs. While the development of a comprehensive charging infrastructure network
requires time and enhancements in EV performance are constrained by technological research and development, direct
economic incentives have emerged as an effective method to swiftly enhance the proportion of EVs in the city.
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Fig. 10. Long-term impact of initial purchase incentives.

4.3.2. Impacts of public charging pile distribution

Considering the real-world distribution of charging stations, we revise the initial assumption of evenly distributing 100
charging piles per square area. Given the higher population densities and greater demand for EV charging facilities in city
centers, it is more realistic to have a denser concentration of charging piles in urban areas compared to suburban or rural areas.
Therefore, we adjust the model to reflect a linear decrease in the density of charging piles as the distance from the CBD
increases.

We try three new different scenarios. The number of charging piles per square area from the boundary to the CBD increases
from 50 to 100, 70 to 120, and 75 to 150. The result of the annual EV proportion is shown in Fig. 11.
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Fig. 11. Proportion of EVs over time under different charging infrastructure scenarios.

The green line represents the benchmark scenario, and the three new scenarios with denser charging infrastructure near city
centers are shown in yellow, pink, and orange. The data indicate that, compared to the benchmark scenario, the increase in
EV adoption in the scenarios with denser charging distribution near city centers is relatively high. In all scenarios, the
proportion of EVs rises steadily over the first five years, reaching a peak around year 5, followed by a decline and fluctuations.
Notably, the three new scenarios exhibit smaller fluctuations in EV adoption compared to the benchmark, suggesting that
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is a shift in EV ownership patterns, with EV owners more likely to reside farther from the CBD. This shift contributes to

urban sprawl, highlighting the role of charging infrastructure in shaping urban development.
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Fig. 12. Temporal evolution of urban vehicle energy and housing density structure for charging piles from 70 to 120.
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Fig. 13. Temporal evolution of urban vehicle energy and housing density structure for charging piles from 50 to 100.

50

The minimal effect of charging pile distribution changes on households’ choice of vehicle energy type could be attributed
to the large number of charging piles, which reduces competition among EV owners. Figs. 12 and 13 illustrate that residential
density in the EVs distribution area is relatively low, with the corresponding green areas appearing lighter in color and most
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of driving range anxiety rather than the competition for charging piles. To verify the above analysis, we conduct simulations
of low-density charging piles. We found that the density of charging piles begins to affect the proportion of EVs when the
number of charging piles is below 20 per square area (Fig. 14).
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Fig. 14. Annual trend in EV Proportion with low charging pile density.

Fig. 14 shows that with 20 charging piles per parcel, the EV proportion remains similar to the benchmark scenario. However,
when reduced to ten charging piles per parcel, the EV proportion drops significantly from the fifth year onward, consistently
staying lower than in the 20-charging pile scenario. The blue line represents the scenario where the density of charging piles
decreases linearly from 15 near the center to 5 at the periphery. Since fewer parcels near the CBD, the total number of charging
piles in this scenario is lower than in the scenario with ten charging piles evenly distributed per parcel. Despite this, the
proportion of EVs is significantly higher.

As shown in Table 3, there is a positive correlation between households’ commuting distance to the CBD and the proportion
of EVs, mainly because the share of EVs with longer commuting distances increases. After the fifth year, as the EV market
approaches saturation, the average commuting distance of EVs trends similarly to the proportion of EVs. Typically, a higher
proportion of EVs is associated with longer commuting distances, likely due to urban expansion. When comparing two
charging pile layouts, one with ten piles per parcel and another with a decrease from 15 near the center to 5 at the periphery,
we find that the latter generally leads to shorter commuting distances for EVs, even with similar EV proportions. For example,
in the fifth year of case 1, the EV proportion is 0.49 with a commuting distance of 21.32 km, while in the eighth year of case
2, the EV proportion is 0.51 with a shorter distance of 20.83 km. Similarly, in the sixth year, the EV proportion in case 1 is
0.45 with a distance of 21.05 km, compared to 0.46 and 20.22 km in case 2.

These findings suggest that a layout with denser charging infrastructure near the city center, as shown in case 2, tends to
shorten commuting distances for EVs, encouraging their use closer to the CBD.

Table 3
Comparing different charging pile distributions.
Year Evenly of 10 (case 1) Linear variation [5, 15] (case 2)
Proportion of Average distance EVs’ average Proportion of Average distance (km) EVs’ average distance
EVs (km) distance (km) EVs (km)
| 0.14 9.02 22.42 0.15 8.98 21.92
5 0.21 9.04 21.02 0.22 8.88 20.32
3 0.28 9.18 20.15 0.31 9.43 20.31
4 0.41 11.56 21.24 0.40 10.81 20.36
5 0.49 12.79 21.32 0.55 13.87 21.30
6 0.45 11.79 21.05 0.46 11.43 20.22
. 0.43 11.32 20.53 0.48 11.92 20.35
g 0.47 12.31 21.04 0.51 12.85 20.83
9 0.47 12.42 2141 0.54 13.78 21.38
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While our simulation provides serval insights into the impact of EV adoption on urban residential patterns and energy
consumption, it has certain limitations. By keeping key EV parameters such as battery capacity, purchase price, and electricity
consumption rate constant, the model allows for a focused analysis of depreciation costs associated with vehicle aging.
However, as technology progresses, improvements in charging infrastructure, faster charging times, and increased vehicle
range are expected to mitigate these limitations, making EVs more viable and accessible for widespread adoption. The model
does not account for potential technological advancements that could influence these parameters over time, and future studies
should be given on these.

5. Conclusions and future studies

This study proposes a spatial equilibrium to analyze the interactions between household vehicle energy type choices and
residential location choices. We study household adoption of EVs and urban structure over time by analyzing the difference
in commuting costs between EVs and FVs and the impacts of vehicle age. The proposed model offers a novel perspective on
the dynamic interactions between EV adoption and urban development, a topic that has been underexplored in previous
research. Our study shows that households with FVs opt for locations closer to the CBD, whereas those with EVs are dispersed
farther from the CBD. Furthermore, households with older vehicles tend to be on the periphery of the same vehicle category.

Regarding urban density structure, our research suggests that heterogeneity in vehicle age contributes significantly to urban
sprawl and congestion. Residential segregation divides the city into concentric rings, hindering individuals residing in outer
residential rings from aggregating towards the city center. In addition, the residential density decreases with distance from the
CBD within each residential ring. This phenomenon generates a pattern wherein high-density residential areas encircle low-
density residential areas within a city, worsening congestion. This aligns with the existing research findings. For instance, Li
et al. [105] report that cities shaped like a mountain, with taller buildings in the center, have less traffic congestion, whereas
those with a Basin layout or flat sprawl suffer more severe congestion.

While this study offers valuable insights into the interactions between EV adoption and urban development, several
limitations should be noted. Firstly, the research primarily focuses on dense urban areas without fully considering the crucial
role of home charging stations in the widespread adoption of EVs. Future studies should be conducted to explore the impacts
of home charging infrastructure on shaping EV adoption and residential choices. Moreover, this study analyzes the impacts
of'aged vehicles on ownership costs without considering the development of EV technology. However, the rapid development
of EV technology may significantly change the battery capacity and the charging duration, largely lowering the expenses of
EVs. Therefore, the impacts of battery and charging infrastructure technology development should be considered in the future.
In addition, the overloading of the electricity system during peak hours may reduce the charging reliability and quality of
EVs, leading to uncertainty in electricity supply. Future studies should be conducted to explore the roles of smart charging
control strategies and home energy systems in reducing the ICs of owning EVs.

Acknowledgments

We wish to express our sincere thanks to the Editors and the four enthusiastic anonymous reviewers whose quick but
thorough and constructive comments have improved the exposition of the paper. This work is supported by National Natural
Science Foundation of China (72288101, 72361137002, and 72101018).

Compliance with ethics guidelines

Chao Shu, Yue Bao, Ziyou Gao, and Zaihan Gao declare that they have no conflict of interest or financial conflicts to
disclose.

References

[1] Intergovernmental Panel on Climate Change (IPCC). Global warming of 1.5 °C. Cambridge: Cambridge University Press; 2022.

[2] Kalghatgi G. Development of fuel/engine systems-the way forward to sustainable transport. Engineering 2019;5(3):510-8.

[3] International Energy Agency (IEA). Tracking clean energy progress 2023 [Internet]. Paris: IEA; 2023 Jul [cited 2023 Dec 1]. Available from:

https://www.iea.org/reports/tracking-clean-en-ergy-progress-2023.

[4] Kiifeoglu S, Khah Kok Hong D. Emissions performance of electric vehicles-a case study from the United Kingdom. Appl Energ 2020;260:114241.

[5] Yao S, Bian Z, Hasan MK, Ding R, Li S, Wang Y, et al. A bibliometric review on electric vehicle (EV) energy efficiency and emission effect research.

Environ Sci Pollut Res Int 2023;30(42):95172-96.

[6] US Department of Transportation. Electric vehicle types [Internet]. Washington: US Department of Transportation; undated [cited 2023 Oct 15].

Available from: https://www.transportation.gov/rural/ev/toolkit/ev-basics/vehicle-types.

[7] BloombergNEF (BNEF). Electric vehicle outlook 2024 [Internet]. London: BloombergNEF (BNEF); undated [2024 Dec 5]. Available from:

https://about.bnef.com/electric-vehicle-outlook/.

[8] Pelegov DV, Chanaron JJ. Electric car market analysis using open data: sales, volatility assessment, and forecasting. Sustainability 2022;15(1):399.

[9] International Energy Agency (IEA). Global EV outlook 2023: catching up with climate ambitions, global EV outlook. Report. Paris: IEA; 2023.

[10] Rietmann N, Hiigler B, Lieven T. Forecasting the trajectory of electric vehicle sales and the consequences for worldwide CO, emissions. J Clean Prod

2020;261:121038.

[11] Kelley Blue Book. Kelley blue book reports new-vehicle transaction prices continue to tumble down 3.5% year over year in January [Internet]. Irvine:

Kelley Blue Book; 2024 Feb 13 [cited 2024 Apr 7]. Available from: https://mediaroom.kbb.com/2024-02-13-Kelley-Blue-Book-Reports-New-Vehicle-
17



https://www.iea.org/reports/tracking-clean-en-ergy-progress-2023
https://www.transportation.gov/rural/ev/toolkit/ev-basics/vehicle-types
https://about.bnef.com/electric-vehicle-outlook/
https://mediaroom.kbb.com/2024-02-13-Kelley-Blue-Book-Reports-New-Vehicle-Transaction-Prices-Continue-to-Tumble,-Down-3-5-Year-Over-Year-in-January

Transaction-Prices-Continue-to-Tumble.-Down-3-5-Year-Over-Year-in-January.

[12]]

[13] Hagnani v, Sprel r, Kazemzaden K, Shannoseint £, Aghael J. 1rends In electric venicles research. lransp Kes rart U lransp Environ
2023;123:103881.

[14] Wang S, Li J, Zhao D. The impact of policy measures on consumer intention to adopt electric vehicles: evidence from China. Transport Res A-pol
2017;105:14-26.

[15] Duarte G, Silva A, Baptista P. Assessment of wireless charging impacts based on real-world driving patterns: case study in Lisbon, Portugal. Sustain
Cities Soc 2021;71:102952.

[16] Rietmann N, Lieven T. How policy measures succeeded to promote electric mobility-worldwide review and outlook. J Clean Prod 2019;206:66-75.
[17] Klein M, Liipke L, Giinther M. Home charging and electric vehicle diffusion: agent-based simulation using choice-based conjoint data. Transp Res
Part D Transp Environ 2020;88:102475.

[18] Hardman S, Jenn A, Tal G, Axsen J, Beard G, Daina N, et al. A review of consumer preferences of and interactions with electric vehicle charging
infrastructure. Transp Res Part D Transp Environ 2018;62:508-23.

[19] Fevang E, Figenbaum E, Fridstrem L, Halse AH, Hauge KE, Johansen BG, et al. Who goes electric? The anatomy of electric car ownership in Norway.
Transp Res Part D Transp Environ 2021;92:102727.

[20] Proost S, Thisse JF. What can be learned from spatial economics? J Econ Lit 2019;57(3):575-643.

[21] Wangsness PB, Proost S, Redseth KL. Vehicle choices and urban transport externalities. Are Norwegian policy makers getting it right? Transp Res
Part D Transp Environ 2020;86:102384.

[22] MaJ, Zhu Y, Chen D, Zhang C, Song M, Zhang H, et al. Analysis of urban electric vehicle adoption based on operating costs in urban transportation
network. Systems 2023;11(3):149.

[23] Fiori C, Arcidiacono V, Fontaras G, Makridis M, Mattas K, Marzano V, et al. The effect of electrified mobility on the relationship between traffic
conditions and energy consumption. Transp Res Part D Transp Environ 2019;67:275-90.

[24] Rezvani Z, Jansson J, Bodin J. Advances in consumer electric vehicle adoption research: a review and research agenda. Transp Res Part D Transp
Environ 2015;34:122-36.

[25] Klinger T, Lanzendorf M. Moving between mobility cultures: what affects the travel behavior of new residents? Transportation 2016;43(2):243-71.
[26] Cano ZP, Banham D, Ye S, Hintennach A, Lu J, Fowler M, et al. Batteries and fuel cells for emerging electric vehicle markets. Nat Energy
2018;3(4):279-89.

[27] Haddadian G, Khodayar M, Shahidehpour M. Accelerating the global adoption of electric vehicles: barriers and drivers. Electr J 2015;28(10):53-68.
[28] Krupa JS, Rizzo DM, Eppstein MJ, Brad Lanute D, Gaalema DE, Lakkaraju K, et al. Analysis of a consumer survey on plug-in hybrid electric vehicles.
Transp Res Part A Policy Pract 2014;64:14-31.

[29] Mounce R, Nelson JD. On the potential for one-way electric vehicle car-sharing in future mobility systems. Transp Res Part A Policy Pract
2019;120:17-30.

[30] Dumortier J, Siddiki S, Carley S, Cisney J, Krause RM, Lane BW, et al. Effects of providing total cost of ownership information on consumers’ intent
to purchase a hybrid or plug-in electric vehicle. Transp Res Part A Policy Pract 2015;72:71-86.

[31] Gillingham K, Munk-Nielsen A. A tale of two tails: commuting and the fuel price response in driving. J Urban Econ 2019;109:27-40.

[32] Maggi E, Vallino E. Price-based and motivation-based policies for sustainable urban commuting: an agent-based model. Res Transp Bus Manag
2021;39:100588.

[33] Wasesa M, Hidayat T, Andariesta DT, Natha MG, Attazahri AK, Afrianto MA, et al. Economic and environmental assessments of an integrated
lithium-ion battery waste recycling supply chain: a hybrid simulation approach. J Clean Prod 2022;379:134625.

[34] Pagani M, Korosec W, Chokani N, Abhari RS. User behaviour and electric vehicle charging infra-structure: an agent-based model assessment. Appl
Energy 2019;254:113680.

[35] Gnann T, Plotz P, Kiihn A, Wietschel M. Modelling market diffusion of electric vehicles with rea-1 world driving data-German market and policy
options. Transp Res Policy Pract 2015;77:95-112.

[36] Melliger MA, Van Vliet OP, Liimatainen H. Anxiety vs reality-sufficiency of battery electric vehicle range in Switzerland and Finland. Transp Res
Part D Transp Environ 2018;65:101-15.

[37] He X, Zhan W, Hu Y. Consumer purchase intention of electric vehicles in China: the roles of perception and personality. J Clean Prod 2018;204:1060-9.
[38] Palmer C. Lagging charging infrastructure threatens to roadblock electric vehicle future. Engineering 2023;25:3-5.

[39] Fulton L, Jenn A, Tal G. GFEI working paper 16: can we reach 100 million electric cars worldwide by 2030? A modelling/scenario analysis [Internet].
London: Global Fuel Economy Initiative; 2017 May 31 [cited 2023 Dec 1]. Available from: www.globalfueleconomy.org/data-and-
research/publications/gfei-working-paper-16.

[40] Plug In America. Understanding electric vehicle charging. Los Angeles: Plug in America; 2011 Jan 31 [cited 2023 Dec 1]. Available from:
http://www.pluginamerica.org/drivers-seat/understanding-electric-vehicle-charging.

[41] Zhang XQ, Zhao CZ, Huang JQ, Zhang Q. Recent advances in energy chemical engineering of next-generation lithium batteries. Engineering
2018;4(6):831-47.

[42] Egbue O, Long S. Barriers to widespread adoption of electric vehicles: an analysis of consumer attitudes and perceptions. Energy Policy 2012;48:717—
29.

[43] Sovacool BK, Kester J, Noel L, de Rubens GZ. The demographics of decarbonizing transport: the influence of gender, education, occupation, age,
and household size on electric mobility preferences in the Nordic region. Glob Environ Change 2018;52:86—100.

[44] Liao F, Molin E, van Wee B. Consumer preferences for electric vehicles: a literature review. Transp Rev 2017;37(3):252-75.

[45] Chen Z, Liu W, Yin Y. Deployment of stationary and dynamic charging infrastructure for electric vehicles along traffic corridors. Transp Res C Emerg
Technol. 2017;77:185-206.

[46] Berkeley N, Jarvis D, Jones A. Analysing the take up of battery electric vehicles: an investigation of barriers amongst drivers in the UK. Transp Res
D Transp Environ 2018;63:466-81.

[47] Kumar RR, Alok K. Adoption of electric vehicle: a literature review and prospects for sustainability. J Clean Prod 2020;253:119911.

[48] Tarei PK, Chand P, Gupta H. Barriers to the adoption of electric vehicles: evidence from India. J Clean Prod 2021;291:125847.

[49] Abbasi AR, Baleanu D. Recent developments of energy management strategies in microgrids: an updated and comprehensive review and classification.
Energy Convers Manage 2023;297:117723.

[50] Abbasi AR, Mohammadi M. Probabilistic load flow in distribution networks: an updated and comprehensive review with a new classification proposal.
Electr Power Syst Res 2023;222:109497.

[51] Rahmani K, Kavousifard F, Abbasi A. Consideration effect of wind farms on the network reconfiguration in the distribution systems in an uncertain
environment. J Exp Theor Artif Intell 2017;29(5):995-1009.

[52] Abbasi A, Seifi A. Fast and perfect damping circuit for ferro resonance phenomena in coupling capacitor voltage transformers. Electr Power Compon
Syst 2009;37(4):393-402.

[53]. Meurs H, Haaijer R. Spatial structure and mobility. Transp Res D Transp Environ 2001;6:429-46.

[54] Neess P. Residential location, transport rationales and daily-life travel behavior: the case of Hangzhou metropolitan area, China. Prog Plann 2013;79:5—
54,

[55] Aditjandra PT, Mulley C, Nelson JD. The influence of neighborhood design on travel behavior: empirical evidence from North East England. Transp
Policy 2013;26:54-65.

18


https://mediaroom.kbb.com/2024-02-13-Kelley-Blue-Book-Reports-New-Vehicle-Transaction-Prices-Continue-to-Tumble,-Down-3-5-Year-Over-Year-in-January
http://www.globalfueleconomy.org/data-and-research/publications/gfei-working-paper-16
http://www.globalfueleconomy.org/data-and-research/publications/gfei-working-paper-16
http://www.pluginamerica.org/drivers-seat/understanding-electric-vehicle-charging

[56] Gim THT. The relationships between land use measures and travel behavior: a meta-analytic approach. Transp Plann Technol 2013:36(5):413-34,
[57] drnia.
Transp Kes rart U 1ransp ENVIron 2UUd; 1U(0):42 /—44.

[58] Alonso W. Location and land use: toward a general theory of land rent. Cambridge: Harvard University Press; 1964.

[59] de la Barra T. Integrated land use and transport modeling: decision chains and hierarchies. Cambridge: Cambridge University Press; 1989.

[60] Waddell PA. Household choice and urban structure: a re-assessment of the behavioural foundations of urban models of housing, labor and
transportation markets. London: The Routledge; 2018.

[61]. Jr Wingo L. Transportation and urban land. Washington: Resources for the Future; 1961.

[62] Chang JS. Models of the relationship between transport and land-use: a review. Transp Rev 2006;26(3):325-50.

[63] Mcfadden D. Conditional logit analysis of qualitative choice behaviour. In: Zarembka P, editor. Frontiers of econometrics. New York City: Academic
Press; 1973.

[64] Pinjari AR, Bhat CR. Activity-based travel demand analysis. In: A handbook of transport economics. Gloucestershire: Edward Elgar Publishing; 2011.
p. 213-48.

[65] Muth RF. Cities and Housing. Chicago: University of Chicago Press; 1969.

[66] Mills ES. Studies in the structure of the urban economy. Baltimore: Johns Hopkins University Press; 1972.

[67] Wegener M. Overview of land-use transport models. In: Handbook of transport geography and spatial systems. Leeds: Emerald Publishing; 2004. p.
127-46.

[68] Spencer D. Cities and complexity: understanding cities with cellular automata, agent-based models, and fractals. J Archit (Lond) 2009;14(3):446-50.
[69] An L. Modeling human decisions in coupled human and natural systems: review of agent-based mod-els. Ecol Modell 2012;229:25-36.

[70] Bonabeau E. Agent-based modeling: methods and techniques for simulating human systems. PNAS 2002;99(Suppl 3):7280-7.

[71] Epstein JM. Agent-based computational models and generative social science. Complexity 1999;4(5):41-60.

[72] Manson SM, Sun S, Bonsal D. Agent-based modeling and complexity. In: Heppenstall A, Crooks A, See L, Batty M, editors. Agent-based models of
geographical system. Berlin: Springer; 2012. p. 125-39.

[73] Mehdizadeh M, Nordfjaern T, Klockner CA. A systematic review of the agent-based modelling/simulation paradigm in mobility transition. Technol
Forecast Soc Change 2022;184:122011.

[74] O’Sullivan D, Millington J, Perry G, Wainwright J. Agent-based models-because they’re worth it? In: Heppenstall A, Crooks A, See L, Batty M,
editors. Agent-based models of geographical systems. Berlin: Springer; 2012. p. 109-23.

[75] Schindler M, Caruso G. Emerging urban form-emerging pollution: modelling endogenous health and environmental effects of traffic on residential
choice. Environ Plan B Urban Anal City Sci 2020;47(3):437-56.

[76] Elgowainy H, Han J, Ward J, Joseck F, Gohlke D, Lindauer A, et al. Cradle-to-grave lifecycle analysis of U.S. light-duty vehicle-fuel pathways: a
greenhouse gas emissions and economic assessment of near term (2015) and future (2025-2030) technologies. Report. Washington: USDOE Office of
Energy Efficiency and Renewable Energy (EERE); 2016.

[77] Tikoudis I, Verhoef ET, van Ommeren JN. On revenue recycling and the welfare effects of second-best congestion pricing in a monocentric city. J
Urban Econ 2015;89:32-47.

[78] Larson W, Zhao W. Self-driving cars and the city: effects on sprawl, energy consumption, and housing affordability. Reg Sci Urban Econ
2020;81:103484.

[79] Candia D, Verhoef E. Tradable mobility permits in a monocentric city with preexisting labor taxation: a general equilibrium perspective. Transp Res
Part B Methodol 2022;163:145-65.

[80] Compostella J, Fulton LM, De Kleine R, Kim HC, Wallington TJ. Near- (2020) and long-term (2030-2035) costs of automated, electrified, and shared
mobility in the United States. Transp Policy 2020;85:54—66.

[81] Larson W, Liu F, Yezer A. Energy footprint of the city: effects of urban land use and transportation policies. J Urban Econ 2012;72(2-3):147-59.
[82] Fiori C, Arcidiacono V, Fontaras G, Makridis M, Mattas K, Marzano V, et al. The effect of electrified mobility on the relationship between traffic
conditions and energy consumption. Transp Res Part D Transp Environ 2019;67:275-90.

[83] US Department of Transportation Federal Highway Administration. Next generation simulation (NGSIM) vehicle trajectories and supporting data.
[Dataset]. Washington: US Department of Transportation; undated [cited 2024 Aug 03]. Available from: https://datahub.transportation.gov/stories/s/Next-
Generation-Simulation-NGSIM-Open-Data/i5zb-xe34/.

[84] University of Naples Federico II. MULTITUDE Project [Internet]. Campania: University of Naples Federico II; undated [cited 2024 Aug 03].
Available from: http://www.multitude-project.eu.

[85] Hu X, Xu L, Lin X, Pecht M. Battery lifetime prognostics. Joule 2020;4(2):310—46.

[86] Li Y, Liu K, Foley AM, Ziilke A, Berecibar M, Nanini-Maury E, et al. Data-driven health estimation and lifetime prediction of lithium-ion batteries:
areview. Renew Sustain Energy Rev 2019;113:109254.

[87] Lunz B, Yan Z, Gerschler JB, Sauer DU. Influence of plug-in hybrid electric vehicle charging strategies on charging and battery degradation costs.
Energy Policy 2012;46:511-9.

[88] Neubauer J, Pesaran A. The ability of battery second use strategies to impact plug-in electric vehicle prices and serve utility energy storage applications.
J Power Sources 2011;196(23):10351-8.

[89] Wood E, Alexander M, Bradley TH. Investigation of battery end-of-life conditions for plug-in hybrid electric vehicles. J Power Sources
2011;196(11):5147-54.

[90] Zhou M, Jin H, Wang W. A review of vehicle fuel consumption models to evaluate eco-driving and eco-routing. Transp Res Part D Transp Environ
2016;49:203-18.

[91] Motamen Salehi F, Morina A, Neville A. The effect of soot and diesel contamination on wear and friction of engine oil pump. Tribol Int 2017;115:285—
96.

[92] Greene DL, Liu J, Khattak AJ, Wali B, Hopson JL, Goeltz R. How does on-road fuel economy vary with vehicle cumulative mileage and daily use?
Transp Res Part D Transp Environ 2017;55:142-61.

[93] Caruso G, Peeters D, Cavailhés J, Rounsevell M. Spatial configurations in a periurban city. A cellular automata-based microeconomic model. Reg Sci
Urban Econ 2007;37(5):542—-67.

[94] Caruso G, Vuidel G, Cavailhes J, Frankhauser P, Peeters D, Thomas I. Morphological similarities between DBM and a microeconomic model of
sprawl. J Geogr Syst 2011;13(1):31-48.

[95] Beijing Transport Institute. Beijing transport development annual report. Report. Beijing: Beijing Transport Institute; 2023. Chinese.

[96] Cai J, Huang B, Song Y. Using multi-source geospatial big data to identify the structure of polycentric cities. Remote Sens Environ 2017;202:210—
21.

[97] Hyra DS. Conceptualizing the new urban renewal: comparing the past to the present. Urban Aff Rev 2012;48(4):498-527.

[98] Mills ES, Tan JP. A comparison of urban population density functions in developed and developing countries. Urban Stud 1980;17(3):313-21.

[99] Pan H, Deal B, Chen Y, Hewings G. A reassessment of urban structure and land-use patterns: distance to CBD or network-based? — evidence from
Chicago. Reg Sci Urban Econ 2018;70:215-28.

[100] Fujita M, Thisse JF. Economics of agglomeration. cities, industrial location, and regional growth. Cambridge: Cambridge University Press; 2002.
[101] Fujita M. Urban economic theory: land use and city size. Cambridge: Cambridge University Press; 1989.

[102] Parker DC, Filatova T. A conceptual design for a bilateral agent-based land market with heterogeneous economic agents. Comput Environ Urban
Syst 2008;32(6):454-63.

19


http://www.multitude-project.eu

[103] International Energy Agency (IEA). Global EV outlook 2020- entering the decade of electric drive? Paris: IEA; 2020.
[104]
[105] L1J, Lu M, Lu 1. Constructing compact CIties: how urban regeneration can enhance growtn and relieve congestion. Econ viodel 202251 13:103828.

The authors declared no potential conflicts of interest with respect to the research, authorship, and/or
publication of this article.

Chao Shu, Yue Bao, Ziyou Gao, Zaihan Gao

20



