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Carsharing is regarded as a new mode of transportation that can meet the diversity of travel demands. Carsharing systems have
different operating modes, and one-way systems are more widely used since cars can be dropped off at any station. However, their
planning involves a series of joint decisions regarding the number, size, and location of stations, as well as the fleet size. ,is paper
develops a data-driven mixed-integer linear programming (MILP) model for planning one-way carsharing systems that consider
the spatial distribution of demand and the interacting decisions between stations. ,e characteristics of existing stations and their
spatiotemporal correlations are an important part of the model. To solve the MILP model, the extension of the Benders de-
composition algorithm is adopted.,e practicality of the proposed approach is demonstrated in a case study in Beijing, China.,e
results show that the existing planning of carsharing could result in a serious waste of resources. In contrast, the proposed method
can obtain effective results in a reasonable time. ,e location results corresponding to a different rate of satisfied demand show
that increasing the parking spots to improve the interaction between stations can effectively reduce the cost of operations. It
should be noted that this paper only considers the benefit of operators. Future works will be carried out to optimize the one-way
carsharing system by considering the benefits of operators, as well as the benefits of users and society. In addition, the impact of
COVID-19 will be taken into account in future modeling and case studies.

1. Introduction

Carsharing is a type of car rental service, which can be traced
back to the late 1940s. As an alternative public trans-
portation, carsharing attracts customers who rent cars for a
short period of time and has been observed to have a positive
impact on increasing mobility and reducing congestion.

Carsharing systems can be divided into three operation
modes: round-way, one-way, and floating [1–3]. A round-
way system requires the vehicle to be returned to the original
rental station. A one-way system allows users to return the
vehicle to any designated stations. Unlike the first two, the
floating system allows the vehicle to park in any place where
parking is allowed. Due to the nature of carsharing, many
businesses are difficult to implement, such as vehicle relo-
cation and personnel assignment. ,erefore, the commonly
used modes are the first two, which are station-based. ,e

one-way carsharing system is a station-based system that
gives users more choice. Due to its flexibility, this is the most
popular carsharing system currently in most cities all over
the world. ,erefore, how to optimize the one-way car-
sharing system has become an important issue that has
attracted much attention. ,erefore, this paper focuses on
the station location problem of a one-way carsharing system,
determining the number, capacities, and locations of sta-
tions and the fleet size.

,e literature about carsharing reveals that existing
location methods are not considered real conditions com-
prehensively. ,e mathematical programming approaches
are mainly for the initial station location and do not consider
the interaction between stations of the carsharing system,
while the data-driven methods are more focused on the later
operations of the system, such as vehicle relocation. How-
ever, due to the constraints of the investment cost and the

Hindawi
Journal of Advanced Transportation
Volume 2022, Article ID 6142950, 13 pages
https://doi.org/10.1155/2022/6142950

mailto:982190924@qq.com
https://orcid.org/0000-0002-4790-116X
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/6142950


difficulty of moving the station, the initial location based on
potential demand is more reasonable considering long-term
planning. A reasonable and effective initial station location
should be able to meet operating conditions as much as
possible to minimize the additional cost caused by later
adjustments.

To this end, this paper proposes a data-driven optimi-
zation location method by taking advantage of both
mathematical programming and data-driven methods. ,e
spatiotemporal characteristics and potential demand are
mined from the data set. And an MILP model is established
with the consideration of the coverage of the demand and
the interaction of the car rental between stations. ,e major
motivations and contributions of this paper are summarized
as follows: (1) this paper analyzes the distribution and de-
mand characteristics of an existing carsharing system; (2)
this paper develops a data-driven optimization model,
considering both the spatial coverage characteristics of the
demand and the interaction of the car rental between sta-
tions; and (3) this paper attempts to solve the proposed
model based on the extension of the Benders decomposition
algorithm.

,e rest of the paper is organized as follows. In Section 2,
the problem is described, and the modeling framework of
the data-driven model is developed. In Section 3, the dis-
tribution of stations and the characteristics of demand are
analyzed based on real data. In Section 4, an MILP model is
developed based on the results of data analysis. In Section 5,
the Benders decomposition is extended to solve the pro-
posed model. In Section 6, case studies are carried out, and
the results are discussed. Finally, conclusions are made in
Section 7.

2. Literature Review

,e location problem has been extensively studied in many
aspects, such as the location of the transportation hub
station, the logistics center station, the location of the
charging station, and so on. ,e methods and models for
station location are also diverse. At present, the methods can
mainly be divided into two categories. One is based on the
optimization method of operational research, considering
the service radius, spatial constraints, path constraints, and
other constraints of the candidate stations. ,e criteria with
the highest coverage, the lowest total cost, and the maximum
benefit are defined as the objective function. And the optimal
solution is obtained by theoretical methods such as oper-
ations research and graph theory. Another method mainly
benefits from the development of information technology
and computer. Such methods are usually based on actual
data (or simulation data) and suitable algorithms and do not
involve specific models.

At present, the optimization methods have been ex-
tensively employed to model the carsharing station location
problem, from simple single-objective planning to multi-
objective planning and dynamic programming, and a series
of hybrid models and algorithms are derived. Jie et al. [4]
applied the queuing model to explain congestion charges
with the objective of infrastructure investment

minimization. Sylvia et al. [5] compared three classic facility
location models: the set covering model, the maximal
covering location model, and the p-median model. ,e
results show that the p-median model is more effective.
Johannes et al. [6] considered the existing charging stations
and proposed variants of the maximum coverage location
problem, aiming to meet as many charging requirements as
possible with a limited number of charging stations. Wei
et al. [7] developed a location to maximize the level of
electric taxi service on the road network and the level of
charging service at the stations under spatial and temporal
constraints, such as the ET range, the charging time, and the
capacity of charging stations. Lin et al. [8] proposed a non-
linear integer programming model based on link formula-
tion, compared it with the p-maximum coverage location
model, and developed a link-based implicit enumeration
algorithm to solve the problem. He et al. [9] proposed a bi-
level programming model for finding the best location for
charging station, and the upper layer optimizes the location
of the charging station to maximize the path flow using the
charging station, while the user balance of the path selection
and the mileage of the electric vehicle (EV) are constrained
to the lower layer.

,e second type of method is still in development. Such
methods are usually based on relevant statistical data or
simulation data such as vehicle trajectory, passenger travel
characteristics, and vehicle operating characteristics, to
identify the spatiotemporal distribution of demand as the
main target and conduct location selection research com-
bined with the corresponding algorithm. Dong and Liu [10]
evaluated the feasibility of a battery-powered vehicle for the
heterogeneous traveling population in the real world and
proposed a new charging station planning model, using
genetic algorithms to find the optimal location, and the
impact of public charging infrastructure deployment on
increased mileage is analyzed. Ge et al. [11] proposed a grid-
based method for locating and sizing of charging station,
aiming to minimize the users’ loss on the way to the charging
station. ,e optimal position of each partition in GA (ge-
netic algorithm) is selected, taking into account traffic
density and charging stations. ,rough repeated calcula-
tions, the coverage of each zone and the location of the
charging station are adjusted, and reasonable planning for
the electric vehicle charging station in the entire region is
finally obtained. Xu et al. [12] attempted to use the real-
relevant preference data to study the joint design of electric
vehicle charging mode (normal or fast) and location (home/
company or public) and proposed a hybrid logit model. ,e
research results provide a new idea for the peak load transfer
and operation strategy of the public charging station.

Compared with the general location problem, the lo-
cation of the carsharing system has similarities and differ-
ences. For carsharing location problems, additional
assumptions are required due to the special nature of car-
sharing. In general, traditional location methods can be
applied to the carsharing system. In this study, we focus on
the most prevalent one-way carsharing system, for which
imbalance is an obvious feature that is quite different from
other systems.
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,e research on station selection of carsharing systems is
still in development, and the methods can also be divided
into two categories. More studies are conducted based on the
approaches of mathematical programming. ,e focus of
such methods is on the improvement and optimization of
the model. Boyacı et al. [13] developed a multiobjective
mixed-integer linear programming model for location-al-
location of one-way carsharing systems, considering dif-
ferent scenarios, vehicle rebalance, charging constraints, and
social subsidies. For the convenience of solving, an aggre-
gation model is introduced based on the concept of the
virtual hub. ,is method can achieve a balance between the
interests of operators and users. Correia et al. [14] proposed
a method for planning a one-way carsharing system based
on mixed-integer programming with the goal of maximizing
the profit of the carsharing operator. ,e imbalance of
vehicle inventory is solved under three-vehicle allocation
schemes, namely, controlled service, full service, and con-
ditional service. Correia et al. [15] extended the previous
model, which considers trip selection and station location,
and took into account more alternative pickup points and
return points. A comparative analysis of different combi-
nations of user flexibility and vehicle inventory information
shows that user flexibility combined with vehicle inventory
information increases the company’s profits, as people will
go directly to stations with available vehicles, making fleet
use more efficient. Huang et al. [16] proposed a mixed-
integer non-linear programming (MINLP) model to plan
stations’ location and their capacity for a one-way system.
,ey were considering vehicle relocation and dynamic de-
mand and introducing the concept of regional attraction to
construct a logit model. Wang and Hua [17] proposed an
MILP model to solve the location problem with the objective
of minimizing the cost of carsharing systems, taking into
account vehicle relocation, investment costs, and travel costs
of users. Jiao et al. [18] proposed a mixed integer pro-
gramming (MIP) model to meet the demand caused by
limited electric vehicle power, taking into account charging
mode and anxiety range. In addition, they solved the lo-
cation problem by assigning two types of charging piles to
meet different types of demand.

Alternatively, the data-driven location methods have
also been applied to the station location problem of car-
sharing.,ese methods mainly determine the location of the
sites based on multisource data combined with some al-
gorithms. Such methods generally do not involve mathe-
matical models. Zhu et al. [19] proposed a deep learning
method to predict the demand for carsharing, considering
the spatiotemporal correlation. ,e result proves that the
distribution of demand meets the power law and uses it as
the filtering rule of the station. Willing et al. [20] proposed a
spatial decision support system, combining the point of
interest (POI) data with the rental data to analyze the user’s
behavior. And the system can establish variable itinerary
pricing for existing areas and provide decision support for
operators in the new city. Liu et al. [21] proposed an op-
timization method based on the AP (affinity propagation)
clustering algorithm to determine the location of the car-
sharing system. Considering the characteristics of AP

clustering, the OD (origin-destination) of the taxi is divided
based on the administrative area, and the results are opti-
mized. ,e results show that the proposed method performs
better than the standard K-means algorithm.

3. Materials and Methods

3.1.Data-DrivenMethodology. ,is paper focuses on how to
plan the initial allocation of a one-way carsharing system,
including the number, capacities, and locations of stations,
as well as fleet size. Carsharing is a complex system involving
operators, users, cars, and other related factors. Similar to
most existing studies, this paper considers the problem that
the operator has the lowest cost when there is only one
operator. Furthermore, we assume that all vehicles are
electric vehicles since it is very difficult to get license plates of
fuel vehicles due to the environmental problem. For the user,
only the coverage of demand within grids is considered, and
whether each specific requirement is satisfied is not within
the scope of this study.

,is paper discusses the station selection problem of the
one-way carsharing system. After a field survey, it is found
that the location of the current station is mostly determined
based on experience, lacking certain scientific evidence and
rationality. As the demand for carsharing increases, the
current station is difficult to meet the requirement.

To overcome the drawbacks of the existing station lo-
cation methods, a data-driven approach is developed in this
study, as shown in Figure 1.

First, based on a real data set, this paper analyzes the
characteristics of meted and potential demands, as well as
the usage of vehicles, and mines the correlation
relationship.

,en, based on the data analysis, a data-driven station
location model is proposed with the objective of minimizing
the total cost of the operator, considering the cost of trip
consumption, distance attenuation, and the relationship
between fleet size and demand.

Finally, the paper attempts to solve the proposed model
based on the extension of the Benders extension algorithm
and compares the location results with the existing layout.

3.2. Data Description and Analysis. ,e data used in the
paper is from a carsharing company in Beijing, including
rental data, GPS trajectories, and stations’ information. ,is
paper selects the data of the carsharing company in Beijing
for the case studies, which is mainly in terms of two con-
cerns. First, Beijing is one of the cities where carsharing early
appeared in China, and there has developed a relatively
mature and stable market. ,erefore, it can provide stable
and reliable data. Second, Beijing’s shared car companies
have sufficient amounts of stations and cars, which are
widely distributed in the city. ,erefore, the carsharing
system in Beijing is representative.

,e data used in this paper were collected from Jan-
uary 1, 2017, to October 16, 2017, for a total of 289 days.
,e rental data is the trip information generated by the
users on the corresponding platform, including the
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transaction code, pickup time, pickup station, drop-off
time, drop-off station, trip distance, rental fee, and so on.
,ere are more than 80,000 effective records with 960
vehicles available.

,e vehicle trajectories are a series of GPS trajectory
points during driving. If a car is driven normally, a GPS
signal is captured roughly every 10 s. Otherwise, it is cap-
tured every roughly every 1 h. ,e trajectory data included
time-stamped, vehicle number, longitude, latitude, and
speed. Vehicle data has approximately 120 million records.
In addition, the station data contains the latitude and
longitude information of 211 stations.

,is part mainly analyzes the distribution characteristics
of existing demand and explores the effective correlations.
,e degree of matching between existing stations and po-
tential demand is analyzed, and the irrationality of existing
planning distribution.

3.2.1. Analysis of Existing Demand. Combined with the
functional area division of Beijing, the existing station is
visualized on the map, as shown in Figure 2.,ere are a total
of 211 stations, including 78 stations within the 4th Ring
Road, 63 stations between the 4th Ring Road and the 5th
Ring road, and 62 stations between the 5th Ring Road and
6th Ring Road. And more than 95% of the stations are
located within the 6th Ring Road.

Figure 3 shows the cumulative distribution of the actual
distance between any two stations. About 75% of the stations
have a distance between 10 km and 40 km, which is suitable
for the short-distance trip of most users.

According to the rental data, after renting a vehicle at a
station, the user can return the car at any other station. ,e
number of rental records was counted between any two
stations. It shows that 95% of the rental records between two
stations are less than 20, and many stations are not fully

utilized. Figure 4 shows the distribution of rental records.
,e blue dot indicates the stations, and the red line between
the stations indicates that there is a rental record between the
two stations. As can be seen from the figure, there are many
rental records between some stations and others are several,
and some stations only have a rental record with one station.
Among the 211 stations, only 56 stations have a rental record
with other stations.

Figure 5 reflects the diversity of attractive demand of the
station.

Based on the rental data, the actual travel time between
any two stations is counted. Among the stations where there
is demand, about 90% of the rental data are within 24 hours,
and 97% of the actual mileage of the order is less than
200 km.

A notable feature of a one-way carsharing system is that
it can cause station imbalances. In addition to the imbalance
between the stations shown in Figure 4, there is also an
imbalance in the amount of car rentals and returns on a
single station.

Figure 6 shows the distribution of the borrowed and
returned vehicles after the min-max normalization process,
and the red and green lines, respectively, indicate the
number of borrowed and returned vehicles at each station.
Since the difference between the borrowed and returned is
much smaller in value than the two, it is difficult to dis-
tinguish on the graph, so the difference between the two is
also normalized. A value greater than 0.6 indicates that the
number of orders for renting cars from the station is greater
than the number of returning cars at the station. When the
value is less than 0.6, the result is reversed. ,e absolute
value of the difference is used to indicate the unbalance of
the stations. It is found that the station with the most
demand has a large imbalance, which indicates that the
greater the demand, the greater the imbalance caused by
the demand difference.
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Correlation
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Objective
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Figure 1: Methodology framework.

4 Journal of Advanced Transportation



Figure 7 shows the spatial distribution of the unbalanced
stations. ,e red triangle indicates that the number of
borrowed vehicles is greater than the returned (22 in total),
and the distribution is mainly within the 5th Ring Road. ,e
blue triangle is opposite (29 in total) and near the north of
the 4th Ring Road and the east of the 5th Ring Road.

Due to the lack of initial vehicle inventory information,
this paper counts the number of vehicles per day at each
station based on the rental data, using themaximum number
of vehicles per day as the initial vehicle inventory for the
station.

Figure 8 shows the distribution of demand and initial
vehicles per station. Similarly, in order to eliminate the

116.46 116.51116.41
lon

116.36116.31116.26

117.5117.0
lon

116.5116.0115.5

la
t

39.995

39.961

39.927

39.893

39.859

39.825

la
t

41.0

40.6

40.2

39.8

39.4

Figure 2: Spatial distribution of the existing stations.

0 10 20

21.3405%

97.0351%

30
Distance between stations

40 50 7060

1.0

0.8

0.6

0.4

0.2

0.0

Cu
m

ul
at

iv
e F

re
qu

en
cy

Figure 3: Cumulative distribution curve of the distance between
stations.

116.6116.4 116.7 116.8116.5116.3
lon

116.2116.1116.0

la
t

40.2

40.1

40.0

39.9

39.8

39.7

Figure 4: Rental records between any two stations.

Journal of Advanced Transportation 5



difference between the two types of data, min-max nor-
malization is used to preprocess, and it can be seen that some
stations had more demand but fewer vehicles. For stations

with less demand, the number of vehicles is more, indicating
that there is a certain irrationality in the current stations and
vehicle distribution.

From the perspective of the vehicle, the rental data
contains 960 vehicles available, counting the frequency of
use of each vehicle and sorting them from large to small. ,e
daily average usage trend is shown in Figure 9. Combined
with the statistics, it is found that the usage rate of only 5
vehicles can reach 1 time/day, only about 11% of the vehicles
can reach 0.5 times/day, and the usage rate of 64% can reach
0.2 times/day, and most vehicles are not fully utilized. Since
the vehicle types are consistent, the difference in vehicle
utilization is caused not by the vehicle itself but by other
factors such as demand, station, and so on.

,e number of available vehicles V and the demand U

are calculated each day. It is found that the two have an
obvious linear relationship, and the linear fitting function is

V � 0.657 · U + 11.8. (1)

,e goodness of fit R1 � 0.98 (R1⟶ 1, the better the
fitness). ,is fitting function can be used as a constraint of
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Figure 5: ,e proportion of stations leaving and arriving at a station.

0 20 40 80
Station number

120 16060 100 140 180 200 220

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

N
or

m
al

iz
ed

 v
al

ue

Rent
Return
Difference

Figure 6: Distribution of imbalance.

116.6116.4 116.7 116.8116.5116.3
Lon

116.2116.1116.0

La
t

40.2

40.1

40.0

39.9

39.8

39.7

Deficit
Surplus

Figure 7: Spatial distribution of unbalance stations.

0 20 40 80
Station number

Rent
Vehicle

120 16060 100 140 180 200 220

1.0
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

N
or

m
al

iz
ed

 v
al

ue

Figure 8: Rental record and initial vehicle distribution.

6 Journal of Advanced Transportation



the carsharing system. ,e constraint can be extended to be
expressed as follows:

V≥ 0.657 · U + 11.891. (2)

According to the statistics and the above analysis, it can
be found that the demand satisfied by the existing stations
only accounts for about 40% of the potential demand, and
99% of vehicles have an average daily usage rate of less than 1
time/day. ,erefore, the carsharing system requires further
planning adjustments.

3.2.2. Potential Demand Analysis. ,e rental data reflects
the carsharing demand that has beenmet so far, but there are
actually many unfulfilled demands and potential demands.
To optimize the station locations, this paper extracts the
potential carsharing demand based on vehicle trajectory data
and analyzes the demand coverage characteristics of existing
stations based on this.

When the vehicle is in the state of stay, the GPS trajectory
data also records the data, but the instantaneous speed is 0 or
close to 0. When the continuous stay time exceeds a certain
value (Tthresh), it is defined as an activity point. ,e setting
criterion of the stationary point is that the speed is clearly
slower than the walking speed (Vw). ,e speed threshold of
the stationary point is set to 0.51m/s, and Vw � 1.34m/s
refers to the parameters in Du [22]. To avoid contingency,
this paper assumes that when the average speed of two
consecutive data points is less than 0.51m/s, the previous
data point is a stationary point.

Based on the determination of the stationary point, each
trajectory is divided into several motion segments and
stationary segments. Calculate the duration of the stationary
segment (T) and the distance of the motion segment (D).
When T≤Tthresh(120s) [23], the stationary segment can be
regarded as a short stay during driving. ,e state of the
stationary segment is converted into a motion segment.
When D≤dthresh(200m), the motion segment is converted
into a stationary segment, and finally, the segments adjacent
to the same state are merged. Extract all motion segment
information to get all the potential demand OD, including

the origin time, destination time, latitude, longitude, and
distance. And based on the previous data analysis, OD in-
formation is filtered.

For convenience, this paper sets the research area
within the 4th Ring Road (applying to the case study in
Section 6) and is divided into 400 square cells with the size
of 1 km × 1 km. ,e daily dwell events of each grid are
counted, and the results indicate that 66% of the valid cells
have less than 0.4 daily dwell events. ,erefore, a popular
cell with at least 0.4 daily dwell events can be considered as
a candidate station, and 136 candidate stations are
selected.

4. Model Formulation

4.1. Assumptions. ,is paper studies the station location
problem of the one-way carsharing system. Considering the
difference between the problem and other location prob-
lems, the following assumptions should be set:

(1) ,e impact of other types of transportation on the
carsharing system is ignored

(2) Other vehicles are not allowed to occupy the parking
spaces in carsharing

(3) Not all demands are satisfied
(4) At least one parking space at a station
(5) All vehicles are electric cars

4.2. Notation. ,e notations used in this paper are listed as
follows.

4.3. Model Formulation. Based on the idea of a general
location model, the purpose of this paper is to select the
appropriate location and capacity to minimize the total cost
of operators. ,e model can be formulated as follows:

min Z � Cs 
i

Xi + Cp 
i

Pi + Cv 
i

Vi + Ce · 
i
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Pi ≤MXi, ∀i ∈ I,

Xi ≤Pi, ∀i ∈ I,

Vi ≤ αPi, ∀i ∈ I,

Pi ≤M1, ∀i ∈ I,

zji ≤Xi, ∀ i ∈ I, j ∈ J,


i

zji ≤ 1, ∀j ∈ J,


i

Djzji ≤Dj, ∀j ∈ J,


j

Djzji ≤Pi, ∀i ∈ I,


j


i

Djzjisji ≥ β
j

Dj,

uik � 
j

Djzjisjinik, ∀i ∈ I, k ∈ I,

Vi ≥ 
k

uik, ∀i ∈ I,

f(V, U)≥ 0,

0≤ zji ≤ 1, ∀i ∈ I, j ∈ J,

Pi , Vi ∈ integer
+
, uik ≥ 0, ∀i, k ∈ I, j ∈ J .

(4)

,e objective function (3) of this mixed-integer opti-
mization model minimizes the total daily cost of the op-
erator, taking into consideration the investment cost of the
station, the parking space cost, the vehicle cost, and the
power consumption cost.

,e model comprises fourteen sets of constraints.
Constraint (4) indicates that parking spaces can be built only
in selected stations, where M is a positive integer large
enough. Constraint (5) indicates that the selected station has
at least one parking space. Constraint (6) ensures that the
vehicles do no’t exceed the parking space at a station, where
α is an elasticity coefficient. It guarantees that there will be at
least (1 − α)Pi parking spots available for parking. Con-
straint (7) defines the maximum number of parking spots.
Constraint (8) indicates that only one effectively built station
can meet the demand. Constraints (9) and (10) ensure its
proportion of satisfied demand that cannot exceed 1.
Constraint (11) ensures that the satisfied demand does not
exceed the parking space. Constraint (12) assures that the
satisfied demand is above the minimum limit β. Constraint
(13) denotes the number of vehicles from station i to station
k. Constraint (14) indicates vehicles leaving from station i

that do no’t exceed the initial vehicle per station. Constraint
(15) represents a functional relationship between vehicle
fleet and demand. Constraints (16) and (17) set the domain
for the decision variables.

,emodel in this paper is a mixed-integer programming
model and is a typical NP-hard problem. Based on the

Benders decomposition algorithm, a solution algorithm for
the proposed model is designed to improve the efficiency of
the solution.

,e Benders decomposition algorithm was first pro-
posed by Benders [24] and is considered one of the effective
algorithms for efficiently solving mixed-integer program-
ming problems. In the problem considered by Benders, the
value of the complex variable is fixed first so that the problem
is transformed into a general linear programming problem
(i.e., the complex variable is used as a parameter. ,e
complex variable means that when these variables are fixed,
the remaining optimization is made. ,e problem (sub-
problem) becomes relatively easy).

5. Solution Algorithm

A solution algorithm for the proposed model is designed
based on the Benders decomposition algorithm. In the
model, constraint (14) represents the relationship between
the vehicle fleet and demand, combined with formula (1)
in Chapter 3, replacing constraint (15) with formula (2).
Since X, P, V are integer variables and u is an intermediate
variable, we first fix the variables X, P, V, u as known
parameters. ,us, the model is transformed into a general
linear programming P1 with respect to the continuous
variable z. Since the objective function is independent of
the variable z, and the variables X, P, V, u are non-neg-
ative, the objective function of P1 can be simplified to
min 0.

P1 min 0. (5)

Subject to:

zji ≤Xi, ∀i ∈ I, j ∈ J,


i

zji ≤ 1, ∀ j ∈ J,


j

Djzji ≤Pi, ∀ i ∈ I ,


j


i

Djzjisji ≥ β
j

Dj,

nik 
j

Djzjisji ≤ uik ∀ i ∈ I, k ∈ I,

0.657
j


i

Djzjisji + 11.89≤ 
i

Vi,

zji ≤ 1, ∀i ∈ I, j ∈ J,

0≤ zji, ∀i ∈ I, j ∈ J .

(6)

For the dual problem of P1, the fixed complex variables
X, P, V, u have no effect on the constrained polyhedral sets
but only affect the objective function, and the dual problem
P2 is expressed as follows:
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P2max
i


j

Xiaji + 
j

bj + 
i

Pici − β
j

Djd + 
i


k

uikeik + 
i

Vi − 11.89⎛⎝ ⎞⎠f + 
i


j

gji. (7)

Subject to:

aji + bj + Djci − Djsjid + Djsji 
k

eiknik + 0.657Djsjif + gji ≤ 0,

aji ≤ 0,

bj ≤ 0,

ci ≤ 0,

d≤ 0,

eik ≤ 0,

f≤ 0,

gji ≤ 0.

(8)

It can be seen that the constraint in problem P2 is in-
dependent of the fixed variablesP, V, u, and these variables
only affect the objective function. When the constraint set is
empty, the problem has no solution, and accordingly, the
original problem has no solution. When the convex poly-
hedral set is non-empty, the constraint set has a pole or pole
direction. Question P2 can be further expressed as P3.

P3 min q. (9)

Subject to:


i


j

Xi _aji + 
j

_bj + 
i

Pi _ci − β
j

Dj
_d + 

i


k

uik _eik + 
i

Vi − 11.89⎛⎝ ⎞⎠ _f + 
i


j

_gji ≤ q,


i


j

Xiaji + 
j

bj + 
i

Pici − β
j

Djd + 
i


k

uikeik + 
i

Vi − 11.89⎛⎝ ⎞⎠f + 
i


j

gji ≤ 0.

(10)

where p � ( _a, _b, _c, _d, _e, _f, _g) represents the pole of the P2
constraint set and u � (a, b, c, d, e, f, g) represents the polar
line of the convex polyhedral sets. Constraint (23) guar-
antees that q is the maximum of the feasible solutions for the
dual problem P2, and constraint (24) guarantees that P2 has
a feasible solution.

,e master problem of the original question can be
expressed as follows:

minCs 
i

Xi + Cp 
i

Pi + Cv 
i

Vi + Ce · 
i


k

Tikuik + q.

(11)

Subject to:

(3) − (6)，(13), (16), (22), (23),

q ∈ R.
(12)

,e dual problem P2 is a primal problem of the target
problem; the primal problem is general linear programming;
and the linear programming P2 is solved. ,e solution has
three forms:

(1) .,ere is no feasible solution; then the target problem
also has no feasible solution

(2) .,ere is an infinite optimal value, get a polar line u

of the polyhedral sets of P2, and add constraint (23)
to the master problem

(3) .,ere is a finite optimal solution, get a pole p of the
polyhedral sets of P2, and add constraint (24) to the
master problem.

6. Case Study

Case studies are carried out to validate the proposed model
based on the data from a carsharing operator in Beijing,
China. Considering the nearest choice, people always expect
to pick up at the nearest station to collect the OD demand
between the candidate sites. Based on this, the OD between
the candidate stations can be counted. For example, if a trip
d with the origin O and the destination D, the candidate
station i is closest to O, and the candidate station k is closest
to D, then trip d is counted in the OD between i and k. ,e
minimum expected travel time between candidate stations is
calculated by the formula distance/free-flow speed, where
the free speed is 60 km/h.

Considering the distance decay between zones and
candidate stations, function (13) is used to determine the
degree of satisfaction of zones.,e function is as follows, and
the corresponding relationship curve is shown in Figure 10.

sji �

− wtji 
4

+ w14 

w1
4exp wtji/40 

3
 

, wtji ≤w1,

0, wtji ≥w1,

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(13)
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Based on the extracted trip information, assuming that
the vehicle can be used for 5 years. Refer to the parameter
settings in other related literature and set the corresponding
parameters as: Cs � 1 yuan/day, Cp � 12 yuan/(day∗per),
and Cv � 56 yuan/(day∗per). In addition, considering the
current electricity price and the 100 km energy consumption
of the car, set Ce � 6 yuan/hour. Figure 11 shows the spatial
distribution of the candidate stations, for a total of 136.

Figures 12–15 show the distribution of selected stations
when the demand satisfaction rate is 0.4, 0.5, 0.6, and 0.7,

respectively. ,e results obtained for the four schemes are
presented in Table 1.,e table contains the values for several
indicators for comparison. In the study area of the model
application, the number of existing stations, parking spots,
and fleet size are 101, 724, and 556, respectively. ,e analysis
of Table 1 reveals that the objective function of different
satisfaction rates is smaller than the existing system.

As shown in Figure 16, it can be seen that as the sat-
isfaction rate increases, the values of the four indicators
increase, and the fleet size almost changes linearly because of
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Figure 10: Distance decay function.
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Figure 11: Spatial distribution of candidate stations.
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Figure 12: Parking spots and vehicle distribution when rate� 0.4.

10 Journal of Advanced Transportation



the linear relationship between the demand and the size of
the fleet is considered in the model. ,e number of spots
varies greatly because the operational decision is considered

in the static model.,e number of parking spots is increased
to convert the dynamic operating costs into static costs,
thereby improving vehicle utilization.
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Figure 13: Parking spots and vehicle distribution when rate� 0.5.
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Figure 14: Parking spots and vehicle distribution when rate� 0.6.
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Figure 15: Parking spots and vehicle distribution when rate� 0.7.

Table 1: Results of the model.

Number of stations Number of parking spots Fleet size Objective value
Current 101 724 556 11,357.47
Rate� 0.4 11 79 63 4,517.35
Rate� 0.5 16 99 79 5,671.05
Rate� 0.6 23 236 94 8,165.80
Rate� 0.7 29 281 110 9,613.87
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7. Conclusion

,is paper addresses the one-way station-based carsharing
network location problem by considering the spatial cov-
erage characteristics and the demand characteristics between
stations, which has not been reported in the existing studies
according to the literature review. A mixed-integer pro-
gramming model is established to minimize the total cost of
operators. In order to get effective results quickly, the
classical Benders decomposition algorithm is extended. ,e
case study results show that at a radius of 1.5 km, the
candidate stations can cover about 90% of the demand and
then consider the interaction between the stations to meet
the demands of about 70%. As the demand for satisfaction
increases, the difference between the number of parking
spots and vehicles is greater. ,is is because the model
considers both the satisfaction of the requirements and the
interaction between the stations. ,e redundant parking
spots are set to improve the utilization of the vehicle. ,at is
to say, the number of parking spots is increased to convert
the dynamic operating cost into the static cost. ,is strategy
can reduce the use of vehicles with low utilization, thereby
increasing the efficiency of the system. It should be noted
that this paper only considers the benefit of operators.
Future works will be carried out to optimize the one-way
carsharing system by considering the benefits of operators,
as well as the benefits of users and society. In addition, the
impact of COVID-19 will be taken into account in future
modeling and case studies.

Abbreviations

Parameter Description
i, k ∈ I: Candidate stations
j ∈ J: Demand zones
Cs: Fixed cost per station
Cp: Fixed cost per parking space
Cv: Fixed cost per car

α: Elastic coefficient
β: Demand satisfaction rate
M: A big positive integer
Pmax: Maximum parking space
Xi: Binary variable indicating if (candidate) station j is

open or not
Pi: Number of parking spaces at station i

Vi: Available vehicle of depot i

qik: Potential demand from depot i to depot k

nik: Proportion of rented vehicle from i to k to the total
vehicles from i

uik: Rented vehicle from i to k

zji: Probability that the demand zone j is satisfied by
the candidate station i

sji: Degree of distance decay between zone j and
candidate station i

Dj: Demand of zone j

Tik: Minimum travel time from candidate station i to k

W1: Coverage radius.
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