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Abstract: The lack of sufficient charging infrastructure for long-haul transportation is a significant
barrier preventing the widespread adoption of electric vehicles (EVs). Planning EV charging facilities
in this context requires considerations distinct from those in urban environments, accounting for
factors such as traffic patterns and charging behaviors. This research paper presents a multi-agent
simulation model designed to assess travel and charging activities, specifically on highways. By
utilizing this model, the effectiveness of EV charging facility planning is evaluated. Empirical data
from a real highway section in China are employed for analysis purposes. The findings reveal that the
concentration of charging facilities significantly impacts both travel time and queue time for vehicles,
demonstrating the potential for optimization through the proposed model. These established models
hold practical value for both greenfield development and the expansion of existing charging networks,
with the goal of minimizing total social costs.
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1. Introduction

In light of the global focus on mitigating global warming and protecting the environ-
ment, transportation electrification has emerged as a critical pathway to reducing carbon
emissions [1]. Numerous countries have undertaken efforts to advance transportation
electrification. European nations have introduced policies to phase out fossil fuel vehicles
and encourage the development of electric vehicles (EVs) [2]. Similarly, cities in the United
States have implemented initiatives such as tax credits and exemptions from emissions test-
ing to promote EV adoption [3]. The Chinese government has set ambitious targets to peak
carbon emissions and achieve carbon neutrality [4]. In China, policies have been enacted
to stimulate the widespread adoption of EVs, providing subsidies not only to consumers
but also to manufacturers and operators of charging facilities [5]. These measures aim to
bolster production and enhance the charging infrastructure network.

However, several significant factors hinder the widespread adoption of electric vehi-
cles (EVs). The limited battery range and insufficient charging infrastructure stand out as
key obstacles. The restricted driving range of electric vehicles, caused by their relatively
low battery capacity, is a practical constraint. Most electric vehicles offer a driving range
between 200 and 500 km, with an average of approximately 318 km, whereas conventional
fuel vehicles typically have an average range close to 500 km [6]. Additionally, the scarcity
of charging facilities exacerbates the problem. In the United States, for instance, there are
approximately 136,000 gas stations compared to only 43,800 electric charging stations [7].
Consequently, electric vehicle drivers encounter difficulties, particularly during long-haul
trips. The insufficiency of charging infrastructure on highways is notable, as most charging
facilities are concentrated in urban areas. In China, there is a lack of systematic plan-
ning for EV charging facilities on highways compared to urban regions. After assessing

Sustainability 2023, 15, 13634. https:/ /doi.org/10.3390/su151813634 https:/ /www.mdpi.com/journal/sustainability


https://doi.org/10.3390/su151813634
https://doi.org/10.3390/su151813634
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://orcid.org/0000-0001-8118-9383
https://doi.org/10.3390/su151813634
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com/article/10.3390/su151813634?type=check_update&version=1

Sustainability 2023, 15, 13634

2 of 14

the existing charging infrastructure and highway development plans in line with the EU
Green Deal regulations for Europe, it becomes apparent that there is still an inadequate
development of fast-charging infrastructure for electric vehicles in several regions [8]. It is
crucial to note that the penalty cost for EV users due to the absence of charging facilities on
highways is significant.

Existing research in the literature primarily focuses on planning EV charging facilities
in urban areas [9-12]. Much of this research relies on optimization algorithms or methods
to enhance the location and capacity decisions of charging facilities [13-16]. However, the
research largely centers on commuting trips in urban areas. Nonetheless, researchers have
identified distinct travel patterns between commuting trips and long-haul trips [17-22].
An algorithm has been developed to select highway charging facilities, which entails
an analysis of the actual highway system (such as E18 in Norway) along with its traffic
requirements, including the proximity to medium-voltage substations [23]. Using the Flow-
Refueling Location Model (FRLM) and making use of an extensive dataset that provides
insights into traffic patterns across the European highway network, this approach simplifies
the process of identifying the optimal count of fast-charging stations needed along the
highway network [24]. Moreover, a framework is formulated to facilitate high-power
fast charging for battery electric vehicles (BEVs) intended for public use. This framework
integrates easily available traffic count data as the input and combines these data with on-
site queuing models. When applied to Germany, it leads to the creation of a fast-charging
network where the average waiting time remains below 5 min [25]. On a highway scenario,
the influx of EV drivers from different entrances and their decisions regarding which
charging station to utilize determine the usage of charging facilities on the highway. These
travel and charging behaviors are difficult to capture using the existing models designed
for urban scenarios.

In contrast, a multi-agent simulation model serves as a valuable tool to capture the
dynamic behavior of EV users on highways. Transportation simulation has traditionally
been used to model transportation systems, aiding in planning, designing, and operating
such systems [26] and thus providing accurate simulations of single-driver travel patterns.
While macroscopic four-step models may lack person- and vehicle-specific details, and
microscopic simulations may be too detailed for large-scale scenarios [27,28], agent-based
simulation models can provide activity-based simulations from a mesoscopic perspective.
This enables investigators to create simulation models at the city or nationwide scale,
offering highly detailed data on individuals [29,30]. The model can simulate how drivers’
charging demands emerge and how they conduct their travels. Moreover, all relevant
vehicle and station information can be configured as input files before simulation, allowing
for the evaluation of accurate data regarding any driver or charging station.

The overall travel time greatly influences user experience and plays a vital role in
transportation planning. However, prevailing location studies often disregard the holistic
assessment of entire travel itineraries, thereby overlooking the impact of total travel time on
user satisfaction. This study undertakes a comprehensive evaluation of location strategies
by comparing total travel time with waiting time for charging. Traditional multi-agent
traffic flow simulation software is predominantly geared towards transportation planning.
Nonetheless, multi-agent simulation models uniquely replicate travel and charging de-
cision making, addressing the limitations of relying solely on mathematical models for
determining charging station locations. This modeling approach excels in analyzing diverse
layouts of charging stations and optimizing the process. Thus, this paper establishes a
multi-agent simulation model to capture traveling and charging behaviors on highways.
Based on this model, optimal planning strategies for EV charging facilities on highways
can be evaluated. The paper discusses both the greenfield development of EV charging
facilities and the expansion of existing charging infrastructure. The subsequent sections
are organized as follows: Section 2 delves into the multi-agent simulation model, while
Section 3 applies the established model to assess existing charging facilities on a real high-
way section in China. Section 4 discusses the optimal planning strategy for EV charging
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facilities on highways, followed by Section 5, which addresses the planning method for
expanding the existing charging network. The paper concludes in Section 6.

2. Simulation Model

In this study, we utilize the open-source multi-agent modeling framework MATSim
to develop the simulation model. MATSim is widely employed in transportation simu-
lation and offers reliable results by simulating agents’ rational and independent travel
decisions [31]. The core principle of MATSim is the co-evaluation algorithm, where agents
navigate a shared network system and compete for limited transportation resources, specif-
ically the charging facilities on the highway. Each agent continually improves their travel
plans by selecting the option with the highest utility value, until no unilateral optimization
is possible and the system reaches equilibrium.

The MATSim process consists of several iterations, including initial demand, mobility
simulation, scoring, replanning, and analysis. Initial travel demands of agents serve as the
starting point for the simulation. These demands are expressed as travel plans, specifying
origin—destination points and typical activity durations. Prior to the mobility simulation,
initial routes for each EV driver are calculated based on their initial plans, and agents are
distributed across the network accordingly. To enhance simulation efficiency, the path-
planning algorithm employs the A* search algorithm enhanced with landmarks and the
triangle inequality, frequently referred to as the ALT algorithm. The mobility simulation
operates on queue theory, treating each road as a queue. Only when a vehicle reaches the
end of a road’s queue can it proceed to the next road, emulating the movement between
roads. Within the traffic flow model of the MATSim framework, pivotal parameters
encompass the storage capacity and flow capacity of road segments. Storage capacity
denotes the highest quantity of vehicles that the queue of the present road segment can
hold, determined by the length of the longest queue. Flow capacity signifies the number of
vehicles capable of departing from the ongoing road segment within the same time step.

Following the mobility simulation, scores are calculated based on travel performance.
Scores are assigned based on the assumption that completing a mission yields a positive
score, while time spent in traffic or charging an electric vehicle incurs a negative or zero
score [32]. In MATSim, utility scores are calculated by summing up the utility of all activities
and travel during a user’s travel process.

N-1 N-1
Splun = Zq:O Sact,q + Zq:O Struv,mode(q) )
Sact,q = Sdur,q + Slute,q @)
Strav,q = Cmode(q) + .Btraz;,mode(q) * tracg + :Bd,mode(q) * dtrav,q 3)

In Equations (1) to (3), S4ur4 represents the utility of completing activity q; Syape 4 is
the penalty for arriving later than the start time of activity g; mode(g) refers to the user’s
travel mode, with all travel modes in this study being driving modes; C,;,,4(4) is a constant
associated with the current travel mode; B4, mode(g) is the marginal utility of travel time for
the current travel mode; tyryc,q is the travel time from activity location g to g +1; B node(q) 18
the marginal utility of travel distance for the current travel mode; and djy,y,4 is the travel
distance from activity location g to g + 1.

Additionally, a subset of the population undergoes replanning of their daily activities.
The analysis section generates output files containing events organized by time and location.
After the production of output files and score calculation, MATSim proceeds to the next
iteration. The simulation process concludes after a predetermined number of iterations.

Notably, simulating charging demands is a crucial aspect of the model. The algorithms
replicate the generation of charging demands and the decision-making process for selecting
charging locations. Before an agent proceeds to the next road segment, a comparison is
made between the remaining battery capacity and the total energy required to complete
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the segment. If the remaining battery is insufficient, a charging demand is generated at the
end intersection of the current road. Otherwise, the agent continues driving. The selection
of charging stations follows the principle of proximity. Figure 1 illustrates a snapshot
of MATSim.

Figure 1. Simulation process employed by MATSim. Note: The green triangles represent electric
vehicles traversing various roads, encompassing both the highway and access roads leading to it. The
grey lines illustrate the road network in Hunan Province. Each agent commences its journey from a
specific point within the network and operates its electric vehicle along the grey roads.

MATSim necessitates specific input files to execute the simulation successfully. These
crucial input files encompass the initial plans of all agents, a comprehensive network file
containing nodes and links, and supplementary information. To accurately simulate the
travel and charging patterns of electric vehicle drivers, additional details regarding the
configuration of electric vehicles and charging plugs are incorporated into the model.

First and foremost, the transport network serves as the conduit for agents to navigate
during the simulation and is thus indispensable. It primarily encompasses information
pertaining to roads and nodes. Node information entails the coordinates of road intersec-
tions, while road information encompasses traffic capacity, free speed, and slope. Typically,
suitable network data are derived from OpenStreetMap (OSM) [33]. OpenStreetMap (OSM),
acknowledged as a pivotal source of global-scale GIS data, is frequently utilized, mainly
for its transport network dataset. This preference stems from the heightened accuracy
and real-time updates of OSM’s transport network data, making it directly applicable for
research focused on urban transportation and accessibility across intermediate to small
spatial scales [34].

Furthermore, the initial travel plans of all agents are crucial for the MATSim model.
These initial plans determine the daily activity chain of each agent. The study area is



Sustainability 2023, 15, 13634

5o0f 14

partitioned into several traffic zones, and the flows between them are weighted by the
resident population. The penetration rate of electric vehicles is factored in to calculate the
traffic flows of electric vehicles. Moreover, based on travel surveys, two activity chains are
observed during long-haul trips: “home-work” and “home-work-home.” By leveraging
the traffic flows between zones and the proportion of these two distinct long-haul travel
patterns, the initial travel plans of all agents can be generated.

The initial State of Charge (SoC) for each vehicle is set to follow a normal distribution
between 50% and 100%. Regarding electric charging plugs, they are configured as direct-
current (DC) fast-charging plugs with a maximum charging power of 120 kW. The number
of plugs in each charging station varies across different scenarios. A variable charging
speed procedure is introduced to mimic real-life charging behavior, where the charging
speed fluctuates based on the remaining State of Charge (SoC). In the electric vehicle
extension of MATSim, the charging model for charging plugs is defined as follows: 1.75 C
between 0% and 50% SoC, 1.25 C between 50% and 75% SoC, and 0.5 C between 75% and
full charge [35]. As for the scoring model, agents are inclined to minimize the time spent
on charging while on the highway, as it diminishes their utility. Consequently, agents strive
to charge the minimum amount of energy necessary as long as the remaining energy is
sufficient to reach their destination.

3. The Base-Case Study

The focus of this study is the Beijing-Hong Kong-Macao (B-HK-M) highway system,
which spans over 2200 km. For the purpose of this research, the section of the highway
located within Hunan Province has been chosen. This particular section is of interest due to
its significant length and its position within the overall highway system. Furthermore, it is
worth noting that the B-HK-M highway experiences high traffic volumes, with daily flows
exceeding 60,000 vehicles. This substantial and regular transportation activity offers an
excellent sample for analyzing the layout planning of charging stations within the highway
system. To provide context, Figure 2 illustrates the existing highway network and service
areas associated with the B-HK-M highway system.
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Figure 2. Cities, highway segment, and existing service areas in Hunan Province along the B-HK-M
highway system.
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Data Inputs

To build the MATSim simulation model, specific input files need to be prepared as
discussed earlier. The network file is generated by exporting data from the OpenStreetMap
(OSM) system, specifically focusing on the B-HK-M highway system in Hunan Province.
By setting the longitude and latitude values of Hunan Province in OSM, all roads within
the selected area are extracted. For simplicity and improved efficiency, some shorter roads
are combined into longer ones in the network file.

The synthetic population, representing the initial travel plans, is another essential
component. Since the study area is the B-HK-M highway system in Hunan Province,
the traffic zones align with the administrative divisions of the cities in Hunan Province.
There are a total of 14 traffic zones. Using traffic flow data from the Hunan Provincial
Department of Transportation and resident population data from the 2022 census, the traffic
flow between traffic zones can be generated. Taking into account the penetration rate of
electric vehicles in China, an Origin—Destination Traffic Flow Matrix for electric vehicles
was created. Long-haul trips are defined as round trips over 300 km, and travel chains are
set as “home-work” or “home-work-home” based on travel surveys. Subsequently, the
synthetic population, representing the initial plans of all agents, was generated. Electric
vehicles in the model have a battery capacity of 50 kWh, and the charging power of plugs
is set at 120 kW.

As part of the base-case analysis, the constructed MATSim model simulates the per-
formance of the existing charging facilities on the highway. The simulation results are
presented in Table 1.

Table 1. Configuration and simulation results of each charging station in the existing charging system.

To the South To the North
Grarsing ber of A A Q Number of A A Q
Stations Number o verage verage Queue umber o verage verage Queue
(Service Areas) Plugs in Occupancy Length (Vehicle Ave{fge ?‘;eue Plugs in the Occupancy  Length (Vehicle Ave{fge ((Qt;eue
the Station Rate Unit) rme s Station Rate Unit) rme s
Yanglousi 4 13% 0.0 0.0 / / / /
Linxiang 2 17% 0.0 0.0 4 7% 0.0 0.0
Taolin / / / / / / / /
Balin 4 8% 0.0 0.0 4 2% 0.0 0.0
Dajiang 4 1% 0.0 0.0 4 0% 0.0 0.0
Pingjiang 2 9% 0.0 122.3 3 1% 0.0 0.0
Ansha / / / / / / / /
Changsha 4 31% 0.0 20.6 / / / /
Zhaoshan 10 9% 0.0 0.0 10 3% 0.0 0.0
Jianning 4 62% 0.4 291.8 / / / /
Zhuting 4 28% 0.0 10.8 4 23% 0.0 7.8
Hengshan 6 3% 0.0 0.0 4 4% 0.0 0.0
Yancheng 2 39% 0.1 189.7 2 4% 0.0 0.0
Guanshi / / / / / / / /
Leiyang 4 68% 0.9 552.1 4 18% 0.0 4.6
Yongxing 4 18% 0.0 19.9 4 36% 0.1 143.2
Suxian 4 1% 0.0 0.0 4 0% 0.0 /
Yizhang 4 1% 0.0 0.0 4 7% 0.0 0.0
Xiaotang / / / / / / / /

1. The presence of “/” in a box indicates the absence of a charging station in that particular service area. 2. The
column header “To the south” refers to the simulation results of stations located in the southern direction of
the highway, while “To the north” corresponds to the simulation results of stations in the northern direction of
the highway.

The first column in Table 1 is the service areas in the highway system where the
charging facilities are usually built. There are still some service areas where no charging
station has been built yet, and they are marked with “/”. The sub-columns under the
different directions are the simulation results based on the actual existing charging network
and the synthetic population. The first sub-column under the different directions shows
the existing number of charging plugs in each location. Except for the charging station
located in the Zhaoshan service area, the other charging stations are equipped with two to
six charging plugs, while most charging stations are equipped with four plugs.

From the results, it can be seen that the service level varies significantly among
different charging stations. The highest average occupancy rate is in the charging station
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located in the Leiyang service area in the southern direction, 68%, followed by the charging
station at Jianning. The high occupancy rate means higher charging demands, leading to
longer queue time. The average waiting time at Leiyang is 552.1 s (9.2 min) and is 291.8 s
at Jianning (4.9 min). On the other hand, some of the charging stations are underutilized,
leading to no waiting time at all.

The uneven utilization levels of the existing charging stations on the highway suggest
that there is a lack of a reliable planning approach for the charging facilities. By intuition,
the distribution of charging demands on the highway may be attributed to the population
distribution and the travel demands along the highway. For example, the high charging
demands in the Leiyang charging station mainly come from southbound travel demands
towards Chenzhou city or further Guangdong Province, originating from the population in
the Changsha—-Zhuzhou—Xiangtan City Group. The Changsha-Zhuzhou—Xiangtan City
Group makes up over 25% of the overall population and is the biggest city group in Hunan
Province, contributing to frequent cross-city or cross-province travels. The frequent cross-
city travels also explain the high charging demands in the Jianning charging station, which
lies in the center part of the city group. In addition, the other part of the high electric
charging demands at the Jianning station also comes from the southbound trips from
cross-province trips from Hubei Province or cross-city trips from the northern cities in
Hunan Province, such as Yueyang.

The multi-agent transportation simulation model serves as an effective tool to synthe-
size the traffic demand of the vehicles on the highway and the charging behaviors of the
EV users on the highway. Thus, the charging demands on the highway can be simulated
and analyzed and served as the basis for evaluating the development options of the EV
charging facilities.

4. Planning Strategies for Greenfield Development

The previous analysis indicates that the current investment in existing charging facili-
ties on the highway may not be optimized in terms of service level. The overall investment
cost primarily relies on the total number of charging plugs. Presently, there are 108 charging
plugs installed along the studied highway. One might question how these charging facilities
(plugs) should be strategically allocated in different locations on the highway to maximize
the service level for EV users while maintaining the same investment.

To address this question, we aim to compare different planning strategies: the “Dis-
persed” strategy, where limited charging facilities are distributed across various locations
with a few plugs in each; the “Centralized” strategy, which concentrates the charging
facilities in a few locations; and the “Mixed” strategy, which involves a tradeoff between
the number of stations and the number of charging plugs at each station.

In this analysis, we consider the hypothetical scenario where no existing charging
plugs are present on the highway. We allocate 108 charging plugs, equivalent to the current
number of charging plugs, across ten different charging facility plans, as outlined in Table 2.
These plans involve varying plug allocations across different numbers of locations.

Table 2. Alternative allocation plans of existing charging facilities.

Number of Plugs per Charging Station Number of Charging Stations
S1 3 36
S2 4 27
S3 6 18
S4 9 12
S5 12 9
S6 18 6
S7 27 4
S8 36 3
S9 54 2
S10 108 1
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Of all the plans, S1 to 53 may be considered as “Dispersed” plans. For example, in S1,
36 stations are built, each equipped with only three plugs. The “Dispersed” plans aim to
provide a wide coverage of the charging network, ensuring that EV users can always find a
nearby station. On the other hand, S8 to S10 are considered “Centralized” plans, where a
majority of the plugs are concentrated in a few stations. 54 to S7 are categorized as “Mixed”
plans, which strike a balance between the two extreme strategies by considering both the
number of stations and the number of plugs at each station. It is important to note that the
selection of stations is based on the rank of the average occupancy rate of each station in
the existing scenario, as determined in the previous results.

All the charging facility plans were implemented in the simulation model, and the
results were obtained by running the model. Figure 3 presents the average queue time spent
at charging stations and the average occupancy rate of all charging stations. Comparing
these results to the existing scenario, it can be observed that although “Dispersed” plans
cover most areas in the highway system, the scarcity of charging resources leads to longer
queue times for drivers. Due to the large number of stations with a limited number of
plugs in S1, both the average queue time and occupancy rate are higher than in the existing
scenario. In “Centralized” scenarios, charging resources are concentrated in fewer stations.
Sufficient charging resources at each station allow agents to charge upon arrival, resulting
in no queue time for EV drivers. Figure 4 displays the total travel time of all agents under
different planning plans. The overall travel time includes time spent on driving, queuing at
charging stations, and actual charging time. The results show that 54, where 12 charging
stations are constructed with nine charging plugs each, achieves the smallest overall travel
time. When faced with “Dispersed” plans, drivers can charge their vehicles at nearby
charging stations at a lower cost, leading to shorter travel times. In “Centralized” plans,
drivers are more likely to detour to a charging station, increasing travel distances and
extending travel times. In highly “Centralized” scenarios, such as S10, where only one
station is present in the network, drivers have to deviate significantly from their planned
routes to reach the station, resulting in significantly longer travel times and distances.

350 16%

14%
100 13%
50
0 l - — 12%
* : - % , Q

B Average Queue Time (s) Average Occupancy Rate

Average Queue Time (s)
%
Acerage Occupancy Rate

Figure 3. Average queue time and occupancy rate of charging stations for different charging infras-
tructure allocation plans.

The results demonstrate that neither the “Dispersed” plans nor the “Centralized”
plans yield the best performance in terms of total travel time. The “Dispersed” plans reduce
travel time to nearby charging stations but increase queue times at the stations. Conversely,
“Centralized” plans minimize queue times at charging stations but require drivers to travel
longer distances to find a station. The optimal planning strategy involves striking a balance
between the number of charging stations and the number of plugs at each station. It is



Sustainability 2023, 15, 13634

9 of 14

advisable to centralize more charging resources in stations with higher demands, while
keeping the number of charging stations within a reasonable range to avoid unnecessary
detours.
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Figure 4. Overall travel time of all agents for different charging infrastructure allocation scenarios.

5. Planning Method for Charging Network Expansion

This section focuses on analyzing the planning methods for the expansion of the
existing charging network on a highway. We agree that the expansion of the charging
station network has multifaceted implications, including its impact on the supply capacity
of charging stations within distinct zones and its enhancement of the user friendliness of the
charging process. These factors collectively influence the purchasing behavior of potential
electric vehicle buyers [36]. Our focus in this section is to address the continued growth
of electric vehicles and to propose an expansion strategy that builds upon the existing
charging network. By doing so, we aim to effectively accommodate the projected surge in
future charging demand, strategically selecting optimal deployment sites for additional
charging stations and evaluating the necessity of introducing charging infrastructure in
currently underserved areas. Ultimately, our overarching goal is to elevate the overall user
experience during travel. The analysis is conducted as follows: Each of the 38 charging
stations on the highway has the potential to accommodate an additional charging plug,
resulting in 38 different expansion plans. These plans are then inputted into simulation
models, and an evaluation is performed among the 38 simulation models. The total social
cost for a period of 20 years is calculated, taking into account the travel time cost for all
agents and the expenses associated with facility construction.

It is important to note that although there are 38 alternative locations for charging
stations, not all of them have been implemented yet. Among the 38 alternative charging
station plans, the one with the lowest total social cost is selected as the optimal expansion
plan for the current plug. Based on this optimal plan, the 38 plans for the next additional
plug are generated. This iterative process continues until the total social cost can no longer
be reduced by adding charging plugs, indicating the completion of the expansion process.
The calculation of the total social costs is outlined below.

N ro(1+4ro)"
Total Social Costs = ) [(C1 *y + Cp+ Cz * T %365 % 20) x A+r)" -1
ro -

i=1

] 4)

where C; represents the unit construction expense of a charging station on the highway,
incurred when a plug is added to a new charging station. C, represents the unit price
of charging plugs in each station. C3 represents the time cost per agent per hour, while
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representing the overall travel time of all agents; ry represents the discount rate and
represents the upper limit years of a charging station.

For the purpose of this analysis, the discount rate was set at 3%, and the evaluation
period was determined to be 20 years. Based on a comprehensive cost investigation, the
unit construction expense for a new charging station was determined to be CNY 4 million,
and the expense for a new charging plug was set at CNY 100 thousand [37]. The time cost
per person per hour was estimated to be CNY 44, based on average salary level data from
the Bureau of National Statistics of China [38].

The optimal expansion plan, as determined through the analysis, is presented in
Table 3. The results indicate that the addition of 15 charging plugs to the existing charging
network would lead to a reduction in the total social cost. However, adding a 16th plug
would result in the increase in the total social cost, showing that the savings on time cost
cannot offset the investment and operation costs.

Table 3. Optimal plan for additional plugs in the existing charging network.

Rank 1\;:::;? Direction P‘]’Y};?;?g;‘;?:ﬂ Ov%arnﬂe?:)eue T(;t,?;\:ra‘;el Total (%(;\c]i;\)l Cost "l?)i:ilgisc?:l
Not Built Yet Cost (CNY)
Existing Charging Network 210,690 83,184,873 498,870,897 /
1 Leiyang S N 120,711 83,063,196 498,147,905 722,992
2 Leiyang S N 89,283 83,031,768 497,966,149 181,756
3 Jianning S N 66,914 83,009,399 497,838,720 127,428
4 Leiyang S N 49,667 82,992,152 497,742,009 96,711
5 Jianning S N 39,018 82,981,503 497,684,867 57,142
6 Leiyang S N 32,601 82,975,086 497,653,105 31,762
7 Yongxing N N 26,874 82,969,359 497,625,481 27,624
8 Jianning S N 22,163 82,964,648 497,603,950 21,531
9 Zhuting S N 18,650 82,961,135 497,589,604 14,346
10 Linxiang S N 15,833 82,958,318 497,579,432 10,172
11 Leiyang S N 13,338 82,955,823 497,571,190 8241
12 Yongxing N N 11,382 82,953,867 497,566,181 5009
13 Yancheng S N 9526 82,952,011 497,561,772 4409
14 Changsha S N 7866 82,950,351 497,558,539 3234
15 Jianning S N 6261 82,948,746 497,555,635 2904
16 Linxiang S N 5171 82,947,656 497,555,820 —185
17 Zhuting S N 4137 82,946,622 497,556,340 —521
18 Leiyang S N 3212 82,945,697 497,557,514 —1174
19 Pingjiang S N 2367 82,944,852 497,559,168 —1654
20 Yongxing N N 1698 82,944,183 497,561,878 —2709
21 Changsha S N 1085 82,943,570 497,564,923 —3045
22 Changsha S N 614 82,943,099 497,568,820 —3897

Note: in the “Direction” column, “N” denotes the station located in the northbound direction of the B-HK-M
highway (towards Beijing), while “S” denotes the station located in the southbound direction of the highway
(towards Hong Kong and Macao).

Out of the 15 additional charging plugs, 9 will be installed at the Leiyang and Jianning
stations, which are situated in the southbound direction of the road and have the highest
occupancy rates based on the previous analysis. The optimal expansion strategy aims
to minimize the total social cost by prioritizing the centralization of additional charging
resources in stations with high charging demands, thereby expanding their charging
capacity. It is important to note that one plug will be installed at the location where no
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station has been built yet, which incurs a fixed construction cost for establishing a new
charging station.

Figures 5-7 depict the trends in social cost, travel time, and queue time as each
additional plug is built in the existing charging network. The graph illustrates a decreasing
pattern in the savings of total social cost, highlighting the diminishing returns of adding
extra plugs. These results are valuable in identifying the most promising locations for
limited plug installations, particularly when investment costs are constrained.
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Figure 5. Trend of total social cost variation with added plugs in the existing charging network. Note:
“N” indicates the station located in the B-HK-M highway towards the north (heading to Beijing),
while “S” indicates the station located in the highway towards the south (heading to Hong Kong
and Macao).
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Figure 6. Trend analysis of overall travel time with addition of plugs in the existing charging network.
Note: “N” indicates the stations located in the B-HK-M highway heading north towards Beijing.
“S” indicates the stations located in the highway heading south towards Hongkong and Macao.
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Figure 7. Trend of overall queue time variation with additional plugs in the existing charging network
for all agents under different expansion plans. Note: in the “Direction” column, “N” represents
stations located in the B-HK-M highway heading north (towards Beijing), while “S” represents
stations located in the highway heading south (towards Hongkong and Macao).

6. Conclusions

A multi-agent simulation-based approach is established in this paper for the planning
of electric vehicle (EV) charging facilities on a highway. This approach addresses the
inherent limitations of traditional site selection methods by accurately modeling user
charging behaviors and decision-making processes related to charging and enables the
simulation and analysis of EV users’ travel activities and charging behaviors on the highway.
The model is applied in the planning of charging facilities along the B-HK-M highway
segment in Hunan Province, China.

The base-case analysis reveals that the existing charging facilities are inadequately
planned, with some stations being heavily utilized while others are underutilized. Further
analysis demonstrates that neither the “Dispersed” strategy nor the “Centralized” strategy
is suitable given the limited investment resources. The former leads to long queue times
at each station, while the latter results in significant detours for EV drivers. Instead, the
optimal planning strategy is the “Mixed” approach, which strikes a balance between the
number of stations and the number of plugs at each station.

Unlike current charging networks, given the swift rise in the number of electric
vehicles, we expand the existing charging network. The established multi-agent model is
utilized to determine the optimal quantity and placement of additional plugs to the existing
network. The assessment of plans takes into account the total social costs, including facility
costs and time costs, with the aim of minimizing overall expenses. This model introduces a
novel approach to investigate strategies for designing highway charging networks, thereby
broadening the potential applications of multi-agent traffic flow simulation models.

However, it is important to acknowledge some limitations of this study. The estab-
lished model assumes that EV drivers on the highway always charge their cars at the
highway’s charging facilities. In reality, drivers may exit the highway to access nearby
charging facilities and return to the highway after charging. Incorporating such complexity
into the model poses challenges, as the decision to use a charging facility outside the
highway depends on various factors such as urgency, distance, and additional tolls. Fu-
ture research should consider these factors and assess their potential impacts on highway
charging facilities. Moreover, it is important to acknowledge that the depiction of users’
charging decision-making processes in current simulation models is somewhat limited.
Exploring ways to incorporate real-time queue lengths at individual charging stations into
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users’ charging decisions and station selection logic could enhance the model’s fidelity to
real-world dynamics.
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