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Deploying Battery Swap Stations for Electric
Freight Vehicles based on Trajectory Data Analysis

Shigi Wang, Chunfu Shao, Chengxiang Zhuge, Mingdong Sun, Pinxi Wang, and Xiong Yang

Abstract— This paper proposed a bi-objective model to
deploy battery swap stations for Electric Freight Vehicles
(EFVs) based on big data analysis. We particularly
extracted trip, parking and charging information of EFVs
in Beijing from a one-week dataset containing trajectories
of 17,716 EFVs (with a sample rate of 99.8%) in 2019 to
define rules in the model and parameterize the model, so as
to improve the model realism and accuracy. The bi-
objective model aimed to minimize the total cost of building
battery swap stations and maximize operational efficiency
of EFVs. The model was solved by a genetic algorithm.
Parameter sensitivity analysis was also conducted. The test
case of Beijing suggested that the bi-objective model,
together with genetic algorithm, could help freight
companies find a set of Pareto Optimal solutions to the
deployment of battery swap stations. Among the solutions,
the one with the highest investment in battery swap stations
could reduce the average charging time of EFVs by 96.56%.
In addition, the sensitivity analysis results suggested that
the parameters related to battery, infrastructure and
number of EFVs were influential to both the total costs and
operational efficiency of EFVs, and should be considered
carefully in the deployment of battery swap stations.

Index Terms— Freight Transport; Electric Vehicle (EV);
Trajectory Data; Battery Swap Station; Infrastructure
Deployment; Bi-Objective Model.

I. INTRODUCTION

HE emerging concept of green logistics, which is aimed at

introducing Electric Freight Vehicles (EFVs) into freight

transport systems, has received increasing attention across
the globe [1-3]. According to the forecast by Global EV
Outlook [4], EFVs were mostly produced as light-commercial
vehicles (LCVs), which reached 250,000 in 2018, with around
80,000 sold in 2017. The sale of medium-sized trucks ranged
from 1,000 to 2,000 in 2018, and most of them were sold in
China. Under the EV30@30 Scenario (all Electric Vehicles
(EVs) except for two-wheelers will reach 30% market share by
2030), the number of EFVs would reach 3,300,000. Different
from passenger EVs, EFVs are mainly used by freight
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companies who tend to more care about the costs and benefits.
Due to supportive policies (e.g., financial subsides) by both
local and central governments, attempts have been made by
freight companies to introduce EFVs into their vehicle fleets.

The lack of charging infrastructure has been one of the main
barriers to the development of EVs, including EFVs [5-7]. This
could further influence the decision-making of freight
companies. Specifically, medium-freight trucks and heavy-
freight trucks generally have a battery capacity of around 300
kWh and 990 kWh, respectively. This requires EFVs to get
recharged through a charging facility (e.g., charging post) with
high power, so as to finish recharging within an acceptable time
to freight companies. For example, it takes around six hours to
get an EFV with a battery capacity of 300 kWh fully charged
through the DC fast charging with a power of 50 kW [4].

Battery swap stations tend to be a promising type of charging
infrastructure which can meet the requirements of freight
companies in terms of charging time [8, 9]. At a battery swap
station, EV drivers can quickly replace the used on-board
batteries with a fully charged one [10-12]. This would help
freight companies to improve the operational efficiency of
EFVs, and thus reduce operational costs. Further, this would
make EFVs attractive to freight companies and promote the
adoption of EFVs in freight transport [13].

Attempts have been made by several companies, such as
Better Place in Israel, Tesla in America, and China State Grid,
to promote the development of battery swapping technologies
for EVs, but most of them failed. The main barriers to the
development included the high upfront investment and the lack
of battery standardization. However, the battery swapping
technology is becoming mature because of the improvement in
battery swap standards, the reduction in construction costs, and
supportive policies. For example, the upfront investment is now
less than 10% of that in 2008, which makes battery swap station
economically feasible.

Previous studies have attempted to deploy battery swap
stations for passenger EVs, but paid significantly less attention
to EFVs. In response, this paper aims to propose an approach to
deploy battery swap stations for particularly EFVs.
Specifically, the trip, parking and charging patterns of EFVs
will be extracted from GPS trajectory data on actual EFVs and
will be further used to develop a bi-objective model for the
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deployment of battery swap stations. The empirical findings
from the trajectory data would help to better estimate charging
demand of EFVs and thus more properly locate battery swap
stations.

Il. LITERATURE REVIEW

A. Adoption and Usage of EVs in Freight Transport

Adoption and usage of EVs are of great importance to the
development of EVs, and thus have received attention in the
studies of electrifying freight transport.

In terms of adoption of EFVs, previous studies tended to be
focused on the barriers to the adoption of EFVs and potential
environmental benefits of the EFV diffusion. For example, a
comparative study of Denmark, Germany, the Netherlands,
Sweden and the UK was conducted by Taefi et al. [14] to
investigate the potential barriers and enablers to the diffusion of
EVs in freight transport. It was found that barriers and enablers
were in general similar in these countries. Altenburg et al. [15]
analyzed the factors influencing the decision-making of freight
companies using a qualitative method. They conducted 14
interviews with freight companies in the city of Amsterdam,
and the results suggested that both reformation and early users
benefited from the positive influences of EFVs on society or the
environment. Mirhedayatian et al. [16] developed a framework
incorporating an optimization model and economic analysis to
explore the optimal behavior of a freight company and social
influence, in response to those EFV-related policies, such as
zone fee to congestion and low-carbon areas with exemptions
for EFVs. The results suggested that the area fee enhanced the
company's social welfare while increasing the company's total
cost.

Another group of EFV studies looked at the travel behavior
of EFVs, with a focus on routing strategies of EFVs and
charging behavior of EFVs. For example, Schiffer et al. [17]
proposed a positioning-route selection method for a strategic
design of the EFV fleet, considering both EFV routing
strategies and the layout of charging stations. Hoed et al. [18]
carried out an analysis of the EFVs in Amsterdam, and found
that EFVs needed to get recharged during those long trips with
additional waiting time and detour. As a result, most EFVs were
suitable for short trips. To address this problem, battery swap
stations would be a promising solution, as EFVs can replace the
used batteries with fully charged ones at battery swap stations
within a short time (e.g., 3 minutes), which can effectively
improve the operational efficiency of EFVs.

B. Deployment of Battery Swap Stations

As aforementioned, battery swap stations have been
increasingly viewed as a promising type of charging
infrastructure, as they can help to significantly reduce the
recharging time [19], on one hand, and could also be coupled
with renewal energy (solar and wind energy) system, on the
other hand [20, 21].

Many models and methods have been developed to locate
battery swap stations for different EV types, including
passenger EVs [5], EFVs [22], electric buses [23], electric
taxies [24, 25], and electric scooters [26]. In general, these
models tried to deal with different optimization problems. For
example, Almuhtady et al. [22] introduced a battery swapping

plan in the EFV fleet using a degradation-based optimization
strategy to minimize maintenance costs. Liang et al. [27]
developed a linear programming model to deal with the battery
swapping demand and battery charging-discharging balance at
battery swap stations, intending to maximize the daily operating
profit. Sun et al. [11] investigated the charging plan at battery
swap stations in those cases where the battery swapping
demand and the charging price changed over time, using a
periodic fluid model. Huang [26] paid more attention to the
design of the swap stations, and explored the effect of visual
perception on user preferences through interactive experiments
with both users and facilities involved. Besides, some studies
additionally considered the power system in the deployment of
battery swap stations. Yu Zheng et al. [28] introduced a design
system of battery charging/swap stations to optimize
infrastructure supply and charging schedule on the basis of the
life cycle cost theory. Sarker et al. [29] built an optimization
model to estimate the system cost considering the relationship
among customers, battery swap stations, electricity market, and
power system. Adegbohun et al. [30] introduced an automated
swap technology to increase the market share of swap stations
considering power system reliability and cost.

In order to solve the models, several algorithms have been
developed. For example, Yang and Sun [31] proposed an EV
battery swap stations location routing method based on a four-
phase heuristic named SIGALNS (involving modified sweep
heuristic, iterated greedy, adaptive large neighborhood search
and improvement heuristic) and a two-phase Tabu Search-
Modified Clarke and Wright Savings heuristic (TS-MCWS),
which can be used to figure out the location strategy of battery
swap stations and the routing plan of an EV fleet. Hof et al. [32]
used the Adaptive Variable Neighborhood Search (AVNS)
algorithm to deploy the battery swap stations based on the
parking behavior of EVs. Yang et al. [33] proposed a model for
deploying battery swap stations considering the EFV driving
behavior and the drivers’ psychology. Furthermore, a heuristic
algorithm that combined Tabu Search and GRASP was
proposed to solve the model.

C. Big Data Analysis in the Studies of Freight Vehicles

Recently, big data become an important data source for
transport studies [34, 35]. GPS trajectory data tend to be one of
the most-used data sources in the studies of freight transport,
and have been used to provide insights into trip patterns of
freight vehicles, such as analyzing driving behavior, monitoring
fuel consumption, measuring operational efficiency of vehicles
and optimizing delivery routes. However, previous studies
mostly looked at Conventional Freight Vehicles (CFVs) and
paid little attention to EFVs. Therefore, we here only reviewed
those CFV studies with big data.

Previous studies tended to be focused on trip and parking
patterns of CFVs. Yang et al. [36] proposed a robust learning
method based on support vector machine (SVM) to extract
parking time, the distance between parking stop and sports
center, and the distance between parking stop and its closest
major bottleneck, using the trajectory data on CFVs. Huang et
al. [37] proposed a method to identify CFV trips and classify
delivery areas (including intra-province delivery and inter-
province delivery) with the trajectory data on CFVs. Tian et al.
[38] investigated the break-taking behavior of CFVs during
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those long-distance trips, providing new insight into behavioral
patterns of CFVs. Specifically, based on trajectory data,
stopping points were selected as parking locations for the long-
haul trucks, which were divided into three types according to
different parking durations. An exponential distribution and a
power-law distribution could fit the three types well. By
analyzing the connections among the distribution of the three
types, they found that the combination of the three separate
classes was Gaussian.

In addition, some studies used big data to evaluate the freight
transport system. For example, Yang et al. [39] developed
procedures and methods for evaluating urban freight
performance with the GPS trajectory data, using three
measures, namely mobility, fuel consumption, and emissions.
Hadavi et al. [40] identified a set of specific, measurable, and
policy-oriented indicators for CFVs, which could be quantified
with trajectory data. The indicators could be used in the further
analysis of urban transport activities. Yanhong and Xiaofa [41]
used the trajectory data on CFVs to analyze the utilization of
vehicles.

D. Research Gaps and Aims

As reviewed above, attempts have been made to introduce
EVs into freight transport. However, previous studies of EFVs
were limited in the following two aspects:

First, previous studies of EFVs tended to be focused on
general charging infrastructure, such as charging posts, and
paid significantly less attention to the role of battery swap
stations, which is a promising type of charging infrastructure in
the electrification of freight transport. Although attempts have
been made to deploy battery swap stations for passenger EVs,
the travel and charging behaviors of EFVs and passenger EVs
are different, and the approaches for passenger EVs could not
be applied to EFVs directly. Specifically, EFVs generally need
to follow a fixed timetable; whereas there is more uncertainty
around trip and charging behaviors of passenger EVS;
Furthermore, EFVs are profit-oriented, and their travel and
charging behaviors are more associated with time value and
operational efficiency, compared to passenger EVs; Battery
standardization is one of the main barriers to the development
of battery swap stations. However, it would be easier to apply
the same battery standard to all EFVs. In other words, battery
swap stations tend to be more feasible to EFVs than passenger
EVs in practice.

Second, GPS trajectory data on freight vehicles was an
important data source in previous studies of freight transport.
However, trajectory data on actual EFV was seldom used, in
part because EFVs have not been widely introduced in freight
transport yet. It would be problematic to investigate EV-related
problem (e.g., deployment of charging infrastructures) using
trajectory data on conventional freight vehicles, as the trip and
parking patterns of conventional and electric freight vehicles
could be different [1, 42]. In general, EFVs need to get
recharged through charging posts at parking lots, and their
parking behaviors might be influenced by charging [43]. For
example, EFVs might have to get parked for a longer time than
usual, in order to get more electricity through charging. Also,
EFV drivers tend to be more willing to choose a parking lot with
charging facilities available. Furthermore, due to the limited
driving range and range anxiety, trip patterns of EFVs might

also be influenced [44]. For example, EFVs would not take a
risk and try those long trips when their State of Charge (SOC)
is low. Moreover, estimating electricity consumption and
further charging demand is of great importance to the
deployment of charging infrastructures [45]. However, it would
be rather difficult to do such estimations with trajectory data on
conventional freight vehicles, as it does not contain any
information on electricity consumption or charging behavior.

To fill the research gaps above, this paper will use GPS
trajectory data on actual EFVs to develop a battery swap station
optimization model particularly for EFVs. Its contributions are
twofold: First, the existing battery swap station optimization
models were mostly for passenger EVs, and could not be
applied directly to EFVs. Therefore, we will develop an
optimization model particularly for EFVs, considering their
unique trip, parking and charging patterns. Second, we will
extract trip, parking and charging information of EFVs from a
large trajectory dataset on actual EFVs. This is expected to
better define the rules in the optimization model and also to
parameterize the model, so as to improve its realism and
accuracy.

I1l. STUDY AREA, DATA SOURCE AND DATA MINING

A. Study Area: Beijing, China

The capital of China, Beijing, was used as a case study. Its
total area was 16,410.54 km? in 2019 with a population of 21.5
million [46]. Its total freight volume was 273.38 million tons in
2019 and rose by 8.3% year-on-year. Road freight plays an
important role and its volume was 223.52 million tons,
accounting for 81.8% of the total volume [47].

Transportation electrification has also received considerable
attention in the freight transport system of Beijing. The number
of EFVswas 17,753 in Beijing in 2019, and rose by 15.3% year-
on-year [47]. There were around 3,700 general charging
stations for EFVs, as shown by Fig. 1.
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Fig. 1. The Nuclear Density of EFV Charging Infrastructure in Beijing.
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B. Data Source

We used one-week GPS trajectory data on 17,716 actual
EFVs in Beijing with a sample rate of 99.8%, which was
collected from 11th November to 17th November 2019. In total,
the dataset contained around 4 billion records. Table | shows an
example of the records in the dataset. For each record, it
contains vehicle 1D, time, speed (unit: km/h), Kkilometers
travelled (unit: km), SOC (the Stage of Charge of an EFV),
latitude and longitude. In the dataset, around 83.0% of the EFVs
had 1,000-10,000 GPS records, as shown in Fig. 2. On-board
GPS devices made a record with a certain interval for each of
the EFVs. The time resolution of GPS trajectories varied from
seconds to minutes: most of the records (99.98%) had a time
resolution from 5 to 15 seconds.

TABLE |
AN EXAMPLE OF GPS TRAJECTORY DATA FOR ONE EFV

Velr::i)de Time  Speed ﬁ:g\%ﬁgf SOC Longitude Latitude

LOSESh 200023 0 66302 099 1159627 394608

L3roN 20190823 55 66305 098 1159584 30.48611

LOSPoN 2090523 41 ee474 022 1159901 3956013

Number of Records per EFV
>10000

5000-10000
4000-5000
3000-4000 18.3%

2000-3000 19.3%

1000-2000 16.5%

500-1000

<500 11.8%

Percentage of EFVs
Fig. 2. Distribution of the Number of Records per EFV.

C. Trajectory Data Analytical Framework

An analytical framework (see Fig. 3) is proposed to process
the GPS trajectory data on EFVs in order to extract trip, parking
and charging patterns of EFVs, which will be further used to
develop a bi-objective model of deploying battery stations (to
be introduced in Section 1V).

As shown by Fig. 3, firstly, we analyzed the data by matching
the map, compressed the data to improve computational
efficiency, and segmented the data (according to different fields
and rules which were used to get different statistical patterns).
Secondly, we identified trips and then cleaned the data in order
to get valid records for subsequent analysis. In particular, we
applied three rules regarding the “Key Fields”, “Travel
Distance for a Trip” and “Average Travel Speed for a Trip” in
data cleaning. Finally, the key characteristics of the charging,
trip, and parking patterns of actual EFVs were obtained for
developing the bi-objective model.

D. Empirical Findings from Trajectory Data Analysis

To better define rules in the bi-objective model for deploying
battery swap stations (to be introduced in Section 1V) and also
parameterize the model, we will extract the information needed

Fig. 3. Trajectory Data Analytical Framework (Source: Adapted from [47]).

from the trajectory dataset, including delivery hot spots,
charging demand, charging speed, parking duration (see
Appendix 2), and average travel speed of EFVs (see Appendix
3). This information needed is identified based on the structure
of the bi-objective model: we prepare this information in order
to use empirical findings as far as possible in modelling and
parameterization, so as to help improve the model’s realism and
accuracy.

1) Delivery Hot Spots of EFVs

Delivery hot spots of EFVs were identified based on the
spatial distribution of parking events of EFVs. These hot spots
will be considered as candidate spots where battery swap
stations may be deployed, so as to serve as many EFVs as
possible. We used Moran's | to judge the rationality of
identifying delivery hot spots, which indicates that it is feasible
to merge adjacent grids into EFVs delivery hot spots. The
nuclear density analysis method [49] was used to delineate the
delivery hot spots of EFVs, which can directly reflect the
distribution of discrete parking events in a continuous area.
Here we used the nuclear density value of 145 as the boundary
range (output pixel was 50; searching radius was 4000).
Further, we used the transformation among the point elements,
grid elements and area elements to get the delivery hot spots of
EFVs (numbered with ID 1-30), as shown in Fig. 4. The area of
each delivery hot spot is shown in Appendix 1.

2) Charging Demand of EFVs

The deployment of battery swap stations is largely influenced
by the charging demand of EFVs. We estimated the charging
demand of EFVs in the delivery hot spots, based on the charging
events of EFVs extracted from the trajectory data, as shown by
Fig. 5. Effectively, those hot spots located in the city center
tended to contain more charging events and thus higher
charging demand.

The SOC of EFVs at the point when they get recharged is
closely associated with the charging behavior of EFVs. The
distribution of the SOC can be extracted from the GPS
trajectory data as shown by Fig. 6. We plotted this distribution
based on EFVs’ charging events: specifically, we analyzed all
charging events and figured out the SOCs when EFVs started
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Fig. 4. The Delivery Hot Spots of EFVs in Beijing.

being charged. The figure shows the distribution of these SOCs.
It can be found from Fig. 6 that the EFVs with a SOC ranging
from 15% to 75% account for 76.8%. When the SOC of an EFV
is high (e.g., a SOC above 75%), its charging probability, in
general, is low, likely because it has sufficient charge; while
EFVs tended to get recharged before their SOCs become too
low (e.g., a SOC below 15%).

Legend
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Fig. 5. Distribution of the Charging Events of EFVs in the Delivery Hot Spots.

SOC of EFVs before being Recharged (%)

95-100
90-95
85-90
80-85
75-80
70-75
65-70
60-65
55-60
50-55
45-50
40-45
35-40
30-35
25-30
20-25
15-20
10-15

5-10
0-5

2.90%
4.58%

10.19%
9.20%

9.06%
9.23%

4.99%

1.31%

Percentage of EFVs
Fig. 6. Distribution of the SOCs before EFVs being recharged.

Specifically, the charging demand in each hot spot is
described with the peak-hour charging demand extracted from
trajectory data (see Fig. 7-(b)), which will be used in Objective
2 of the optimization model to be developed. In this dataset, the
peak hour is from 8 to 9 AM. Here, the peak-hour charging
demand is estimated with the relationship between the charging
probability of an EFV and its SOC when it is parked. The
relationship was quantified based on EFVs’ parking events as
follows: firstly, we grouped those parked EFVs into 20
categories according to their start SOCs; second, we counted
those EFVs that got charged when they were parked and further
calculated the percentage of these EFVs in the group to which
they belong. The percentage of these EFVs can be viewed as
the charging probability of EFVs in this group when they are
parked. It can be found that for those parked EFVs, they were
very likely to get recharged if their SOCs are low, possibly
because of the so-called range anxiety. The highest peak-hour
charging demand was 389 times/hour (see Fig. 7-(b)) in the
delivery hot spot near the Beijing Central Business District
(East Third Ring Road) in Beijing.
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IV. AN APPROACH TO DEPLOYING BATTERY SWAP STATIONS
FOR EFVs

A. A Bi-Objective Model for Deploying Battery Swap
Stations

A bi-objective model was developed to help freight
companies to deploy battery swap stations for each of the EFV
delivery hot spots, with the information extracted from the EFV
trajectory data (see Section Il D). The model has two
objectives, about which freight companies tended to be more
concerned:

Objective 1. Minimize the total cost of building battery swap
stations;

Objective 2. Maximize the operational efficiency of EFVs.

On the one hand, freight companies are responsible for
building battery swap stations, and thus generally hope to
minimize the total cost (Objective 1), which is the sum of the
costs of batteries, charging posts and station construction. On

the other hand, freight companies generally hope that they
could get access to as many stations as possible, and also, for
each station, there could have as many charging posts and
batteries as possible, to maximize the operational efficiency of
EFVs (Objective 2). However, the numbers of batteries,
charging posts and stations available are directly proportional
to the total cost, and thus influence Objective 1. In other words,
the two objectives conflict. In addition, the potential impacts of
introducing EFVs on the power grid system could be an
important factor in the deployment of battery swap stations.
However, based on our estimation, the impacts tended to be
relatively small: assuming that all freight vehicles in Beijing
(about 480,000 vehicles in 2019) were electric, the average
daily electricity demand of an EFV was about 28 kWh (as
evident from our trajectory data on EFVs), and the annual
electricity demand of charging would be about 281 million
kwh, which accounts for 0.24% of total electricity
consumption. Furthermore, it would be possible for operators
to get those used batteries recharged at battery swap stations
during the off-peak periods, which could help mitigate pressure
on the power grid system.

Apart from the two objectives, the bi-objective model also
has four constraints, as shown by Fig. 8. Specifically, in order
to meet charging demand of EFVs, the total supply should be
greater than the total charging demand of EFVs (see Constraint
1). In order to ensure service quality, the probability of getting
battery swapped immediately should be greater than the EFV
user’s expected probability (see Constraint 2), which is
connected to Objective 2. To ensure the steady-state of queuing
at a battery swap station, the number of batteries finishing
charging within a specific time slot should be greater than the
number of EFVs arriving (see Constraint 3). To ensure the
normal operation of EFVs, the electric range of an EFV should
be greater than the distance between any two battery swap
stations (see Constraint 4). It is hoped that Pareto Optimal
solutions can be found with the consideration of the two
objectives and four constraints.

Objective

‘ Objective 1. ’Minimize the Total Cost of Building Battery Swap Stations ‘

‘ Objective 2.

Maximize the Operational Efficiency of EFVs %—

<

Constraint

Total Supply should be Greater than the Total Charging

Constraint 1. Demand

Constraint 2 Probability of Getting Battery Swapped Immediately should be | |
"|Greater than the EFV User's Expected Probability

Number of Batteries Finishing Charging within a specific Time

Constraint 3. Slot should be Greater than the Number of EFVs Arriving

Electric Range of an EFV should be Greater than the Distance

Constraint 4. between any two Battery Swap Stations

Data Driven Bi-Objective Model

Fig. 8. The Connections between the Objectives and Constraints in the Bi-
Objective Model.
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Before introducing the bi-objective model, we summarized

the model parameters in Table II.

TABLE Il
PARAMETERS USED IN THE BI-OBJECTIVE MODEL
Symbol Unit Description Source
z N/A 1D for an EFV delivery hot spot N/A
i N/A ID for an EFV N/A
X N/A the index of a time slot, x € {0,1, -~_,23}. l_\lote that we divide one day into 24 time N/A
slots with a bin of 1 hour
Area® km? the area of delivery hot spot z Trajectory Data
Input by User (Source:
a dollar the basic cost of a battery Taobao, a famous Chinese
e-commerce company)
Input by User (Source:
c dollar the cost of a charging post [47f]én[wgz)(fj]saggi:1-::eb:?‘ a
commerce company)
Input by User (Source:
b dollar/kWh the cost per unit energy capacity of a battery Taobao, a famous Chinese
e-commerce company)
Input by User (Source:
s dollar the basic capital cost of a battery swap station Taobao, a famous Chinese
e-commerce company)
q® kWh the average battery capacity of an EFV in the delivery hot spot z Trajectory Data
PESQ, kilowatt the average battery output power of the EFVs in the delivery hot spot z Trajectory Data
Pyost swap kilowatt the average charging power of the charging post at battery swap stations Design Variables
p(szt'mme Kilowatt the average charging power of th;erl:ir:laérrg;n;]% tpsoi;sct; 2t general charging stations in the Trajectory Data
v® km/h the average travel speed of an EFV in the delivery hot spot z Trajectory Data
4@ batteries/hour/post the rate at which the battery is_full_y charged_ through a charging post at a battery swap N/A
station in the delivery hot spot z
Input by User (Source:
r hour the time for replacing the used battery with a new one if available NIO, a famous electric
vehicle company)
B® station the total number of battery swap stations in the delivery hot spot z Design Variables
N® battery/station the average number of batteries available at a station in the delivery hot spot z Design Variables
c® post/station the average number of charging posts at a station in the delivery hot spot z Design Variables
y % the minimum probability for an EFV to get battery swapped immediately Design Variables
pES times/day charging demand of EFVs, namely the t;)ptglt Zumber of charging times in delivery hot Trajectory Data
swa, . the charging demand at a battery swap station in the delivery hot spot z, which is .
D, times/day quantified gvit% the total number g timers) EFVs get recharged :t a batFt)ery swap station Trajectory Data
the charging demand at a general charging station in the delivery hot spot z, which is
pgharge times/day quantified with the total number of times EFVs get recharged at a general charging Trajectory Data
station
p® (swap) % the probabilit)_/ for EFV z to get rechgrged at a' batte_ry s_wap stati_on, which can be N/A
Lx calculated with a function of SOC%*) and Tlmep("") in the delivery hot spot z
s0¢E®) % the Stage of Charge (SOC) of the EFV i at time x Trajectory Data
Time, " hour the parking duration of the EFV i at time x Trajectory Data
a,B,n N/A the parameters in the probability function for calculating Pi(j) (swap) Design Variables
@ hour/vehicle the average charging duration at a battt_ary swap station and general charging station in N/A
ES the delivery hot spot z
T(T hour/vehicle the average duration of getting recharged at a general charging station in the delivery N/A
charge hot spot z
T(T hour/vehicle 'the average duratioq of gettipg a battery swappeq at a battery swap station i_n the_ N/A
swap delivery hot spot z, which considers both the swapping time and possible queuing time
Agz) ) times/hour the battery swapping demand at the x time slot in the delivery hot spot z N/A
A(CZ) (x) times/hour the general charging demand at the time slot x in the delivery hot spot z N/A
p(z) % the probability of the service state when there is no fully charged battery available at N/A
0 the battery swap station in the delivery hot spot z
nb Number the number of fully charged batteries at a battery swap station, nb € {0,1,2,3,-:-} N/A
nv Number the number of EFVs queuing at a battery swap station, nv € {0,1,2,3,:--} N/A
(nb, nv) N/A the service state of a battery swap station N/A
P(nb, nv) % the probability for the service state with nb fully charged batteries and nv EFVs N/A

gueuing
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1) Objective 1. Minimize the Total Cost of Building Battery
Swap Stations

In this model, we consider three main costs involved, namely
the cost of batteries, the cost of charging posts and the direct
cost of building battery swap stations. For the former, it is
associated with the number of batteries available at each station;
for the middle, it is associated with the number of charging
posts at each station; for the latter, it is associated with the
number of stations to be built. It is worth noting that it is freight
companies who are responsible for the building dedicated
general charging posts and battery swap stations for EFVs
(probably in collaboration with the government). We made this
assumption because 1) EFVs generally have an almost fixed
schedule (including both delivery tasks and charging events),
and freight companies need to ensure that their EFVs can get
recharged when needed, in order to maximize operational
efficiency; and 2) battery swap stations could, in general, serve
only a few types of electric vehicles (EVs), due to different
battery standards across EVs. It is difficult to apply the same
battery standard to all EVs, particularly for private EVs.
However, battery swapping is more feasible for commercial
EVs, such as EFVs, as freight companies could purchase EFVs
with the same battery standard applied.

Here we further assume 1) a linear relationship between
battery cost and energy capacity, and 2) each of the battery swap
stations in a specific delivery hot spot has the same level of
service with the same numbers of batteries and charging posts
available (note that the charging posts here are used to get those
used batteries charged). In general, the numbers of stations,
charging posts and batteries for each delivery hot spot would be
sufficient information for infrastructure planning: given these
numbers, planners can further figure out the exact locations for
each battery swap station (and also the numbers of charging
posts and batteries needed), considering other influential
factors, such as land use and power grid constraints.

However, different delivery hot spots may have different
numbers of stations, charging posts and batteries available. The
cost of a battery is calculated by (1), which is defined as the
sum of the basic cost of a battery and the cost associated with
the battery capacity.

K(q(z)):a+b-q(z) 1)

The total cost of the battery stations in a hot spot z includes
the basic capital cost of all stations, the cost of all charging posts
and the cost of all batteries in the delivery hot spots, as
presented by (2).

cosT® =g .(K(q“)). N® yc.ct +s) )

2) Objective 2. Maximize the Operational Efficiency of EFVs

Operational efficiency of EFVs is important to freight
companies, as it could affect the companies’ willingness to
adopt EFVs. Shortening charging time is generally considered
as an effective means to improve the operational efficiency of
EFVs. Here, an EFV either swaps a battery at a battery swap
station or gets recharged at a general charging station. Also, the
battery swap stations to be deployed are uniformly distributed
in each of the delivery hot spots. Therefore, for each hot spot, a
fixed average travel time is used for those EFVs traveling to a
battery swap station.

* Estimation of Charging Demand

For each delivery hot spot, the total charging demand is
obtained from the trajectory data (see Section 111 D 2)). And the
total demand is composed of the charging demands at both
battery swap stations and those general charging stations with
charging posts available, as shown by (3).
DZES — Dzswap + chharge (3)

Further, (3) can be rewritten by (4) considering the time slot.
23

DE =340 () + 3 A9 (x) = > (A7 () + 42 (%) @)

As shown by (5), we here developed a probability function
of parking duration (Timeg‘x)) and SOC (S0C @) of an EFV
to simulate whether it will get recharged through a general
charging station or a battery swap station, based on empirical
findings of SOC and parking duration (see Sections I11 D 2) and
Appendix 2. The parameters a, 8 and n will be treated as
design variables to be optimized through the Elitist Non-
Dominated Sorting Genetic Algorithm (NSGA-I11). This means
we will search for an optimal solution to getting EFVs
recharged through either general charging stations or battery
swap stations.

P! (swap)=a-SOC"™ + 5-Timel™ + 1

®)
P\ (swap) €[0,]
Further, 2 (x) can be calculated by (6).
A (x)=> P (swap) (6)

* Average Charging Time

The average charging time is used to quantify the operational
efficiency of EFVs, which is composed of two parts: the time
of getting battery swapped at battery swap stations and the time
of getting recharged at general charging stations, as presented
by (7). L
-m _ DZCharge 'Tc(hza)rge + DZSWap 'Ts(v:;p (7)

ES DZES

a) Charging Time at General Charging Stations

We consider the possible queuing of EFVs due to charging
posts being fully occupied when calculating charging time at a
general charging station, as shown by (8). Specifically, a Monte
Carlo method by [51] was adopted to simulate the queues. Here,
the arrival distribution of EFVs at general charging stations

(2% (%)) can be calculated by (4)-(6).

@ () Fomen
_ z post,charge
=f| A (x),T (8)
b) Charging Time at Battery Swap Stations

The number of fully charged batteries available at a battery

swap station varies over time. Here the probability (péz)) for the
service state when there is no fully charged battery at a battery
swap station will be calculated in Constraint 2. When an EFV
arrives at a battery swap station, it may either get its battery
swapped immediately or need to queue for a fully charged
battery, as presented by (9).

T®

charge
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_Z z z l 1 z
TS(W;p:(l—pé))-H pé)-ﬂ(z):w[ﬂ(z)—r]-pé) 9)

Where, 1 can be calculated by u® = Pyt swap/q®.
3) Constraint 1. Total Supply should be Greater than the Total
Charging Demand

The total service capacity of battery swap stations in a
delivery hot spot should be greater than the total battery
swapping demand, as presented by (10).

D3 S2443(1).#@)_# N®.B® (10)

4) Constraint 2. Probability of Getting Battery Swapped
Immediately should be Greater Than the EFV User's Expected
Probability

When an EFV arrives at a battery swap station, its used on-
board battery will be removed. Due to the limited number of
batteries available at each station, the used batteries will be left
at the station and needs to get charged for the other EFVs
visiting this station later. We assume that those used batteries
will get charged following the so-called first-in, first-out (FIFO)
strategy, which is a classic task queue model.

For a specific time slot, the arrival probability of a battery is
equal to the battery swapping demand of each battery swap

station 27 (x)/B@ in the delivery hot spot z. “Battery
Leaving” can be viewed as the end of getting a battery fully
charged at a battery swap station. The leaving probability of a
battery is associated with both x® and the number of batteries
being currently charged.

When an EFV arrives at a station for battery swapping, it will
get a fully charged battery immediately if available; otherwise,
the EFV needs to queue at the station until a fully charged
battery becomes available.

Next, we will describe the service state of a battery swap
station within three scenarios considering the availability of
fully charged batteries and EFVs queuing.

* Scenario 1: All Batteries fully Charged & No EFVs
Queuing

When the service state is (N® ,0) (see Fig. 9), this means
that there are N® fully charged batteries and no EFVs queuing
at the battery swap station. The state can only transform from
(N® ,0) to (N® — 1,0) when an EFV arrives.

W W
B®@ B@
A A
C(N(Z) o)) CN(ZJ 1 (D @@ Z(D see

Fig. 9. The Service State Transformatlon of a Battery Swap Station in
Scenario 1.

* Scenario 2: Some Batteries Fully Charged & No EFVs
Queuing

When the service state is (nb, 0) (see Fig. 10), this means
that no EFV is queuing at the battery swap station. The state can
transform from (nb,0) to (nb + 1,0) (there are (N® — nb)
batteries leaving with a rate of u®) or (nb — 1,0) (there will
be a battery leaving when an EFV arrives).

W P
B B
=N\ A A
e Gﬂ,b +1,0)) C (nb,O)) an —1,0D- X
_

(N® —nb)u® (N —nb + 1)u®

Fig. 10. The Service State Transformation of a Battery Swap Station in
Scenario 2.

* Scenario 3: No Batteries fully Charged & EFVs Queuing

When the service state is (0,nv) (see Fig. 11), this means
that there is no fully charged battery at the battery swap station.
The state can transform from (0, nv) to (0,nv — 1) (there are
N@® batteries leaving at a rate u®; an EFV leaves when a
battery finishes charging) or (0,nv+ 1) (an EFV starts
queuing after its arrival).

W P
B®@ B@
=N A A
[N ] QO,m;—lD C(O,nv)) @),TLV+1D [N ]
7
N(Z)u(z) N(Z)M(Z)

Fig. 11. The Service State Transformation of a Battery Swap Station in
Scenario 3.

To sum up, the probability for the service state transformation
is associated with the parameters 17 (x)/B®,u®, N®, and
(nb,nv) . The difference equation for the transformation
between different states in a steady state is presented by (11).

(N” 0)- A% (x)/ 8" ( ?-1,0)-
P(nb,0)- (A" N® —nb)- 1) =
P(nb+10)- 4, (x)/BZ)+P(nb 1,0)-((N'
P(0.0v)-(47 (x)/ B+ N® - ) =
P(0,nv-1)- 27 (x)/B® +P(0,nv+1)-N"

(x)/ B® (11)

—nb+1)-y“)),nb>0,nv:0

1P, nv>0,nb=0
Here we would get the exact equation for P(nb,nv), and
further, get the probability of getting battery swapped
immediately (i.e., p{”).
According to (11), P(nb,nv) is associated with P(N®,0),
as presented by (12).
P(nb,nv)= f (P(N(Z),O)),an,I']VG{O,].,Z,-"}

The sum of the probabilities of all the service states is equal
to 1, as presented by (13).

> P(nb,nv)=1
According to (12) and (13), the derivation of parameter péz)
is shown by (14).

P(nb,nv)= f (P(N",0))
> P(nb,nv)=1
Where, P(N®,0) denotes the probability for the service

state with N® fully charged batteries and no EFV queuing at
the battery swap station, and can be calculated by (15).

(12)

(13)

- P(N(Z),O) — P(nb,nv) - p{” (14)
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(15)

[ A(Z)

N (z) K
: 1[ A7(x)
P(N",0)= gm[#é).s(”] +
- N(Z){N(Z)

A (x)]

ﬂ(z B®

Where, P(nb,nv) denotes the probability for the service
state with nb fully charged batteries and nv EFVs queuing at
the battery swap station, and can be calculated by (16).

® (N)=nb)
P(N“),O)‘#~ (%) ,nb>0,nv=0; (16)
P (.m) (N o) (w87
nb,nv) =
o © w
(2) /15 (X) A (X) =
P(N ’Q'N(n v g | N® . ,O. 8O P =0.v>0

Accordlng to (16), p(z) can be calculated by (17).

= Z P(0,m)
o a7

Nm,[ j«éz)(x) ]NZ

4 B®

: ) K ) N4
N@L N® Z iél)(x) . %‘ii j“é)(x) + /lé)(X)
ﬂ(Z) .B® &l ,U(Z) .B® /u(l) .B®

Here, we consider the worst situation: the greater the p(()z) is
the longer time an EFV needs to queue. The maximum of

2§ (x) is chosen, A%, = max(2(x)), as p{” becomes the

greatest when Agz)(x) is the greatest. The probability for no
fully charged batteries at a battery swap station should satisfy
(18).

@ N
N(z) [ max ]
@.gl@
(z) _ H <1

- (2)

o) e ) PR
N (@), N (z) _ S max . zi max + S,max
) /U(Z) . B(Z) = k! /u(l) . B(Z) Iu(Zl . B(l)

The purpose of deploying battery swap stations is to provide
a fast-charging service. To ensure a high possibility of getting
battery swapped immediately, we used a parameter y to
describe the probability.

According to (18), p((,z) decreases monotonically with respect
to N® . Therefore, there should be a minimum number of
batteries that satisfies the probability y for an EFV to get the
battery swapped immediately. Since whether an EFV can get its
battery swapped immediately upon its arrival could heavily
influence the users’ decisions on choosing a battery swap
station to recharge, the probability y can be viewed as the users’
expected probability.

5) Constraint 3. Number of Batteries Finishing Charging
within a Specific Time Slot should be Greater than the Number
of EFVs Arriving

When there is no battery fully charged and EFVs are queuing
(see Scenario 3 in Constraint 2), in order to ensure the steady-
state of queuing at battery swap stations in the delivery hot spot

z, the arrival probability of a battery A% /B® should be

S,max
smaller than the rate N® -pu® of transformation from

(N® ,0) to (0,nv — 1), as presented by (19). In other words,
the number of batteries finishing charging within a specific time
slot should be greater than the number of EFVs arriving.

(18)

(@)
N@ ﬂ“;'(“j; B® <1
6) Constraint 4. Electric Range of an EFV should be Greater
than the Distance between any two Battery Swap Stations

In order to avoid running out of electricity during the
journeys of EFVs, the maximum distance that an EFV can
travel with a fully charged battery should be greater than the
distance between any two battery swap stations in the delivery
hot spot z, as presented by (20).
q” v _ Area®

L
7) The Bi-Objective Model

In summary, the bi-objective model, which incorporates the
two objectives and four constraints above, can be presented by
(21).
minCOST® =B®.((a+b-q)-N® +¢c-C +s)

p@
f Aéz’(x), po(s;kczr;arge N

. (ix) Timel®
Zz(a SOC™ + - Time!™ +7) 1 N oo PO
A+ =g = A7)
U qf

D
@ N
@) | max
N [ “)-B“’J

@ @ _ S ¥ ‘ A o
NENENG . max . max
4B g 49 .B@ 49 .B@

P

post, swap
q(z)
q®v® _ Area®
PR BY
Zz(a-soc“” +f-Timel™ +77) < 24-B - 4@ + B® .N©

(19)

(20)

inT® =
minTg' =

@ _
P =

U =

sT. (21)

/‘{(l)
'S, max l
NGO, B®
P <l-y
a-S0C™ + p -Time;"” +ne[0,1]
VN®,C® B® €{0,1,2,3,...}
vxe{0,1,2,3,... 23}

B. Solving the Bi-objective Model with an Elitist Non-
Dominated Sorting Genetic Algorithm (NSGA-II)

We will use an Elitist Non-Dominated Sorting Genetic
Algorithm (NSGA-II) to search for the Pareto Optimal
solutions, as it has a fast computation speed [52], [53] and has
been widely used to solve multi-objective optimization
problems, such as deploying the interactive buildings-vehicles
energy sharing network [54], expanding the fast-charging
stations for EVs [55] and deploying the general charging
stations for EVs [56]. A detailed introduction to NSGA-II can
be found in the references cited above.

Specifically, the bi-objective model has many model
parameters involved (see Table Il for a full list). We
parameterized the model in the following three ways:

(1) Ten model parameters are set with the information from
trajectory data, including Area® (see Appendix 1), q¢‘? (see

Section 111 D 2)), A7 (see Section 11l D 2)), PZ), ., . (see
Section 111 D 2)), v®(see Appendix 3), DES (see Section 111 D
2)), D3¥P (see Section IV A 2)), DS"79¢ (see Section IV A

2)), SOC@(see Section 111 D 2)), Time, ™ (see Appendix 2).
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(2) The parameters, a, ¢, b, s, r, are situation-specific and
may vary across study areas. For example, s is the basic capital
cost of a battery swap station and may vary according to the
economic development. In the test case (see Section V), s is set
to 4,500 US dollars per station according to the work by the
Ministry of Transport of the People’s Republic of China [50]
and Guo et al, [47].

(3) We search solutions for the eight design variables through
an Elitist Non-Dominated Sorting Genetic Algorithm (NSGA-
1), i.e., the total number of battery swap stations (B‘®), the
average numbers of batteries (N ®) and the average number of
charging posts (€ ®) available at a station, the average charging
power of the charging post at battery swap stations (Ppostswap)
the minimum probability for an EFV to get battery swapped
immediately (y), and the parameters in the probability function

for calculating Pi; (swap) including a, 8,7n. These eight are

key parameters for deploying battery swap stations and could
directly influence the freight companies’ ‘choices’. However, it
would be rather difficult to observe these variables, and also
they are correlated and could be affected by the EFV attributes.
For example, charging power of the charging posts could affect
the battery swap demand of EFVs. Moreover, the numbers of
batteries, charging posts and stations are interrelated, and could
affect the supply capacity of battery swap stations. Therefore, a
genetic algorithm is used to search for solutions to these eight
design variables.

V. TESTING THE BI-OBJECTIVE MODEL IN BENING

The bi-objective model and NSGA-II algorithm (see Section
IV) were tested using Beijing as a study area with the
information extracted from the GPS trajectory data on EFVs
(see Section 111 D).

A. Model Results

1) Parameterizing the Model and Algorithm

The key model parameters were set as follows:

* The basic cost of a battery (a) was set to 1,500 US dollars.

* The cost per unit energy capacity of a battery (b) was set to
700 US dollars per battery.

* The basic capital cost of a battery swap station (s) was set
to 2,000 US dollars per station.

* In this test case, we considered both slow and fast chargers
at battery swap stations. Two general options for the power
of charging post at a battery swap station (Pp,stswap) are

provided, namely the fast charging post (P, and the
ided ly the fast chargi Jast d th

post,swap
slow charging post (Peatswap), Which were 60 kilowatts
and 7 kilowatts, respectively. These are two typical post
types in Beijing. Thus, the average charging power of the
charging posts at the battery swap station (Ppost,swap) €an

be derived with P/ . and PSi%, 4, as shown by (22).

post,swap
fast (2) slow (2)
P _ Ppost,swap ' Cfast + Ppost,swap ' Cslow (22)
post,swap (2) (2)
Cfast + Cslow

Where, Cf(fl)st and ¢, are the average numbers of fast and
slow charging posts at a station in the delivery hot spot z,
respectively. The costs of the fast (c/5t) and slow (c*°%)

charging post were set to 4,500 and 300 US dollars in the

Beijing scenario, respectively, according to the Ministry of
Transport of the People’s Republic of China [50] and Guo
etal, [47], as well as the available charging posts in Taobao,
a famous Chinese e-commerce company.

* The cost of the fast charging post (c¢/%5t) and the slow
charging post (c$°") were set to 4,500 and 300 US dollars
respectively, according to the Ministry of Transport of the
People’s Republic of China [50], Guo et al, [47] and Taobao,
a famous Chinese e-commerce company.

* The time needed to swap one battery at a battery swap
station (r) was set to 0.1 hour according to NIO, a famous
electric vehicle company.

* Constraint 4 (see Equation (20)) was removed in this test
case, as the delivery hot spots were small in the Beijing
Scenario (see Table Al in Appendix 1). In other words,
Constraint 4 would not influence the optimization results in
this test.

For the NSGA-II algorithm, the following parameters need
to be set properly: crossover probability (P(crossover)),
mutation probability (P (mutation)), population size (N), and
the number of generations (G). Through trial and error, we
finally set P(crossover) = 0.9, P(mutation) =0.1, N =
50, G = 150.

2) Model Outputs

Given the identified thirty delivery hot spots in Beijing, as
well as the associated information, such as charging demand
and average travel speed (see Section Il D), we got Pareto
Optimal solutions for each delivery hot spot by solving the bi-
objective model using the NSGA-II algorithm. All the solutions
are optimal, but freight companies might choose the one with a
specific cost and operational efficiency of EFVs, which can
better meet their own needs, for example, considering the total
budget and also land use.

We used the delivery hot spot with ID 18 as an example to
show how the model works. All the Pareto Optimal solutions
are shown by the points in Fig. 12, suggesting that the total cost
(or Objective 1) has an inverse proportion to operational
efficiency (or Objective 2). We further take a closer look at the
three special points: 1) the Min-Min case, in which both the
total cost and operational efficiency are minimum; 2) the Mid-
Mid case, in which the total cost and operational efficiency stay
at the middle; 3) the Max-Max case, in which the total cost and
operational efficiency are maximum. Table Il shows the
objective values and the three key indicators in the three cases,
suggesting that the deployment of battery swap stations can at
least reduce average charging time by 61.19% in the Min-Min
case, compared to the Reference Scenario, which is defined
with the general existing charging facilities and charging
demands of EFVs extracted from the trajectory data. Moreover,
the battery swap stations can at least accommodate 76.32% of
the total charging demand, as evident from the Min-Min case.
Given there is no constraint on the budget, the average charging
time can decrease by 96.56% in the Max-Max case. However,
the total cost in the Max-Max case would be 36% higher than
the Min-Min case. Moreover, the charging demand at battery
swap stations is 92.15% of the total charging demand in the
Max-Max case.
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ar MinMi We further investigated the spatial differences between the
A e three special cases in the numbers of battery swap stations,
Tl batteries and fast/slow charging posts in each delivery hot spot,
g 5l as shown by Fig. 13. Such spatial patterns would be useful for
< | the freight companies (e.g., freight companies and urban
*
-Ez.s - planners) who want to know the numbers of battery swap
%‘; . stations, batteries and charging posts in each delivery hot spot.
g 27 On one hand, they can compare the spatial differences between
E} %, different cases, which is useful for their decision-making (for
glar *, Mid-Mid example, on choosing a proper case for the study area); On the
% | * Max-Max other hand, they can further figure out the exact location of the
= e *ﬁ/ A battery swap stations for each delivery hot spot, considering
* - . .
05 - o, . v other influential factors, such as land use and power grid
D constraints. Effectively, there is no significant difference
0 : ; ; ; ; ; ; ; between the three cases in terms of spatial patterns. Specifically,
100% 105% 110% 115% 120% 125% 130% 135% 140% - . .
Percentage of Mininal Cost (%) those top delivery hot spots with higher numbers of battery
Fig. 12. All Pareto Optimal Solutions for the Delivery Hot Spot with 1D 18. swap stations and batteries remain almost the same across the
cases.
TABLE Il
THERE SPECIAL PARETO OPTIMAL SOLUTIONS FOR THE DELIVERY HOT SPOT WITH ID 18
Solution Objective 1* Objective 2 B® N® o, o Y a B n
Min-Min 100% 3.61 8 134 21 23 0.38 1.42x107 0.32 0.13
Mid-Mid 112% 0.73 8 151 18 17 0.53 1.36x1072 0.33 0.21
Max-Max 136% 0.32 9 162 26 21 0.76 2.56x1072 0.53 0.42

*We used the value of objective 1 (i.e., 62,219,200 US dollars) from the Min-Min case as a reference, and converted the values from the Mid-Mid and
Max-Max cases into percentages.
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Fig. 13. The Numbers of Battery Swap Stations, Batteries and Charging Posts in each Delivery Hot Spot.
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Fig. 13 (continued). The Numbers of Battery Swap Stations, Batteries and Charging Posts in each Delivery Hot Spot.

To further explore the potential influence of the added battery
swap stations on trajectories of EFVs, we find that 76%, 81%,
and 83% of EFVs only need a short detour distance (specifically,
with a distance of 1 km or shorter) in the Min-Min, Mid-Mid,
and Max-Max cases respectively. This indicates that the added
battery swap stations would have limited influence on
trajectories of EFVs.

3) Model Comparison

In order to evaluate the performance of our model, we
compared it against two typical facility location models, namely
P-median model [57] and flow-refueling location model
(FRLM) [58], which have been widely used to deploy various
facilities, including charging facilities [59].

In order to compare the three models, we used the average
charging time as an indicator to see how adding battery swap
stations could shift general charging demand and reduce
charging time. Specifically, we kept the main setting (including
the total cost, the number of general charging posts, and the
number of battery swap stations) the same for these three
models, and then compare the average charging times obtained.
Taking delivery hot spot with ID 18 as an example (see Table
IV), we used the same setting (i.e., key model parameters) to
compare the performance of the three models in the three
special cases, i.e., Min-Min, Mid-Mid and Max-Max.

It can be found that in the delivery hot spot 18, the average
charging times from the P- median model were 5.32, 1.48 and
0.92 hours, and from FRLM model were 4.87, 1.96 and 0.94
hours, which were longer than those (i.e., 3.61, 0.73 and 0.32
hours) from the bi-objective model in this paper. This suggests
that our model can find a better solution to deploying battery
swap stations and outperforms the P- median model and the
FRLM.

B. Sensitivity Analysis

We further examined the performance of the model through
sensitivity analysis, in order to quantify the influences of three
key parameters on model outcomes, again using the delivery
hot spot with ID 18 as an example.

e Test 1: b is the cost per unit energy capacity of a battery,
which can directly influence the total cost and is likely to
decrease as the battery technologies are improved over time.
In the baseline Beijing scenario, we set b to 700 US dollars
per unit energy capacity of a battery, according to the battery
cost of those EFVs which are available in the Beijing
vehicle market in 2019 (when the trajectory data was
collected).

e Test 2: s is the basic capital cost of a battery swap station,
which is difficult to estimate, due to no swap station
available for EFVs. In the baseline Beijing scenario, we set
s to 2,000 US dollars per station, according to the cost of a
general charging station in Beijing.

e Test 3: the number of EFVs (denoted as NUMggy) in the
baseline scenario was 17,716, accounting for 99.8% of the
EFV fleet. We will further examine how the EFV fleet size,
NUMgg,, may influence the deployment of battery swap
stations.

In the sensitivity analysis, we varied b, s, and NUMggy,
between —25%~ + 25% with an interval of 5% in both the
Max-Max and Min-Min cases, respectively.

In order to understand how the three parameters would
influence model outcomes, we compared the objectives (see
Fig. 14), and the number of stations, batteries and charging
posts (see Fig. 15) against those from the original Max-Max and
Min-Min cases introduced in Section V A 2).

TABLE IV
THE AVERAGE CHARGING TIME BASED ON THE TWO METHODS WITH ID 18

Key Model Parameters

The Average Charging Time (hour)

Solution

The Model in this P- median

Total Cost* Cf((zllt CS(ZZG)W cfast cslow Pp{gs;swap P ;éosyswap a b Paper Model FRLM
Min-Min 100% 21 23 3.61 5.32 4.87
Mid-Mid 112% 18 17 4500 300 60 7 1500 700 2,000 0.73 1.48 1.96
Max-Max 136% 26 21 0.32 0.92 0.94

* We used the total cost (i.e., 62,219,200 US dollars) from the Min-Min case as a reference (i.e., 100%).
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In Test 1, Test 2, and Test 3, an increase in b (i.e., the battery
cost), s (i.e., the station cost), and NUMggy (i.e., the number of
EFVs) would all give rise to an increase in the total cost (i.e.,
the value of Objective 1) in both the Max-Max and Min-Min
cases, and an increase in the average charging duration (i.e., the
value of Objective 2), as shown by Fig. 14-(a), Fig. 14-(b), and
Fig. 14-(c), respectively. For example, in terms of Test 1, when
b is increased by 25% from 0% to 25%, the total costs in the
Max-Max and Min-Min cases increase by 60.02% and 48.00%,
respectively, and the average charging duration increases by
17.40% and 44.04%. In terms of Test 2, when s is increased by
25 % from 0% to 25%, the total costs in the Max-Max and Min-
Min cases increase by 31.19% and 47.00%, respectively, and
the average charging duration increases by 23.44% and 27.42%.
In terms of Test 3, when NUMggy is increased by 25 % from
0% to 25%, the total costs in the Max-Max and Min-Min cases
increase by 70.88% and 57.25%, respectively, and the average
charging duration increases by 59.38% and 41.83%.

For another three indicators, namely the numbers of battery
swap stations, batteries and charging posts, they can be
influenced by the changes in b, s, and NUMggy (i.e., in Test 1,
Test 2, and Test 3 respectively), as shown by Fig. 15-(a), Fig.
15-(b), and Fig. 15-(c). In general, a lower battery cost would
result in a larger number of batteries needed, but a smaller
number of stations and charging posts needed, as the total
charging demand in each delivery hot spot is fixed. Similarly, a
higher station cost may result in a smaller number of stations
needed, but a larger number of batteries and charging posts are
needed. This indicates that for each delivery hot spot, the
numbers of battery swap stations, batteries and charging posts
are interlinked. However, the numbers of stations, batteries and
charging posts do not change monotonically when the battery
cost is changed. In addition, more stations, batteries, and posts
are needed to meet the increased charging demand due to the
growth number of EFVs.

VI. CONCLUSIONS

This paper proposed a bi-objective model to deploy battery
swap stations for Electric Freight Vehicles (EFVs), using GPS
trajectory data on actual EFVs in Beijing. The trip, parking and
charging patterns extracted from the trajectory data were used
to better define the rules in the model, in order to make the
model more realistic and accurate. The model was tested in
Beijing. Sensitivity analysis was also conducted to quantify the
influence of two key model parameters on the outputs of
interest.

The empirical findings from the trajectory data suggest that
the high charging demand of EFVs is mainly concentrated in
the central of Beijing, and the maximum peak-hour charging
demand was 389 times/hour in the delivery hot spot near the
Beijing Central Business District (East Third Ring Road) in
Beijing. Around 79.5% of charging duration was shorter than
20 minutes, which is probably because they had a busy
timetable. This indicates that fast charging infrastructure, such
as battery swap stations, would be helpful for these EFVs which
tend to have insufficient time to get their EFVs fully charged.

The model test suggested that the bi-objective model and
NSGA-II can be used to provide useful suggestions for freight
companies, who could choose a suitable solution from the

Pareto Optimal solutions according to their own needs, for
example, considering the total budget available and land use
constraints. From the model results, it can be found that the
average charging time could reduce by up to 96.56% through
the deployment of battery swap stations, compared to a
reference scenario with existing general charging posts and
charging demand of EFVs. To test the performance of the bi-
objective model, we compared it against two classical facility
location optimization models, namely P-median model and
flow-refueling location model (FRLM). The results suggested
that our model could get much shorter charging duration, on
average, with the same setting (e.g., total cost) applied. In
addition, the parameter sensitivity analysis indicated that the
parameters of battery, infrastructure and number of EFVs could
heavily influence the total cost and average charging time.

In future work, we will further improve the bi-objective
model and overcome the limitations. First, the approach can be
extended to incorporate a location model, which can help to
determine the exact location of battery swap stations for each
delivery hot spot. However, this would need more disaggregate
input data, such as land use data. Second, the bi-objective model
aims to minimize the total cost and maximize the operational
efficiency. There is a dynamic relationship between the cost and
efficiency: freight companies may wish to invest more money
in deployment of battery swap stations due to the profit gained
through the increased efficiency. This dynamic relationship
could be further explored by updating the existing bi-objective
model to a dynamic one. Third, the model could be adjusted to
couple battery swap stations with renewable energy (e.g., solar
and wind energy) systems. In the resulting integrated system,
on-board batteries can get charged through a renewable energy
system and will then be transported to the battery swap stations.
In other words, no charging facilities would be needed at
stations.

APPENDIX

A. Appendix 1 The Area of each Delivery Hot Spot in Beijing

The area of each delivery hot spot in Beijing is shown as
Table Al, suggesting that the area tended to be small, compared
to the electric range of an EFV. Therefore, Constraint 4 (i.e., the

electric range of an EFV should be greater than the distance
4@ _ area®

between any two battery swap stations, @ = W) was
EFV

removed when the bi-objective model was tested in the Beijing
scenarios.

B. Appendix 2 Parking Duration of EFVs

Apart from SOC, parking duration is also associated with
general charging or battery swapping demand, as it reflects an
EFV’s delivery timetable and the time available for recharging.
Thus, it would directly influence which charging modes (i.e.,
general charging or battery swapping) an EFV will choose,
considering its SOC. The extracted distribution of parking
duration of EFVs in Beijing is shown in Fig. Al. Around 79.5%
of charging duration was shorter than 20 minutes, indicating
that most of the parking events lasted for a short time, and the
EFVs tended to have a busy timetable. As a result, they
appeared to get insufficient time to get fully charged through
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TABLE Al
THE AREA OF EACH DELIVERY HOT SPOT IN BEIJING

ID of Delivery Hot Spot 1 2 3 4 5 6 7 8 9 10
Area (km?) 49.84 56.46 14.10 55.44 35.11 38.36 21.76 105.74 15.09 25.09

ID of Delivery Hot Spot 11 12 13 14 15 16 17 18 19 20
Area (km?) 14.72 26.62 47.22 33.18 39.25 29.58 32.56 97.84 22.09 24.79

ID of Delivery Hot Spot 21 22 23 24 25 26 27 28 29 30
Area (km?) 67.73 121.43 14.50 37.16 19.11 28.02 19.53 26.13 35.61 17.80

general charging posts when they have a low SOC. To meet the
demand of getting EFVs recharged in a short time, battery swap
stations could be a good alternative. Therefore, the SOC and
parking duration of each charging event in each of the delivery
hot spots are used to estimate the probability of using a battery
swap station for recharging. Specifically, a battery swapping
probability function of SOC and parking duration (see Equation
(5)) is developed for the bi-objective model.

Parking Duration (Minute)

>240.0
180.0-240.0
120.0-180.0
60.0-120.0
50.0-60.0
40.0-50.0
30.0-40.0
20.0-30.0
10.0-20.0
<10.0

0.75%
0.34%
0.78%
2.82%
1.20%
1.84%

9.07%
32.91%

46.63%
Percentage of EFVs

Fig. Al. Distribution of Parking Duration of EFVs in Beijing.

C. Appendix 3 Average Travel Speed of EFVs

Travel speed is associated with the accessibility of battery
swap stations. Therefore, we estimated the average travel speed
of EFVs for each hot spot, which is used in the bi-objective
model to calculate the constraint (see Constraint 4) that the
electric range of an EFV should be greater than the distance
between any two battery swap stations, as shown by Fig. All-
(a). Fig. All-(b) aggregates the travel speed at the city level,
indicating that most of the trips had a travel speed ranging from
10 to 35 km/h, accounting for 85.3%.

Average Travel Speed of EFVs (km/h)
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50.0-55.0 0.76%
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10.0-15.0
5.0-10.0
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