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Abstract

:

Rapid growth rate indicates that the free-floating electric vehicle sharing (FFEVS) system leads to a new carsharing idea. Like other carsharing systems, the FFEVS system faces significant regional demand fluctuations. In such a situation, the rental stations and charging stations should be constructed in high-demand areas to reduce the scheduling costs. However, the planning of the FFEVS system includes a series of aspects of rental stations and charging stations, such as the location, size, and number, which interact with each other. In this paper, we first provide a method for forecasting the demand for car sharing based on the land characteristics of Beijing FFEVS station catchment areas. Then, the multi-objective MILP model for planning FFEVS systems is developed, which considers the requirements of vehicle relocation and electric vehicle charging. Afterward, the capabilities of the proposed models are demonstrated by the real data obtained from Beijing, China. Finally, the sensitivity analysis of the model is made based on varying demand and subsidy levels. From the results, the proposed model can provide decision-makers with useful insights about the planning of FFEVS systems, which bring great benefits to formulating more rational policies.
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1. Introduction


Federal Highway Administration studies showed that the average travel distance of a private vehicle is around 40 km per day, which is approximately 90 min [1]. The rest time of this vehicle is idle and used to find a parking position. The International Energy Agency indicated that vehicles’ emissions account for around one-third of the world’s carbon emissions, which is predicted to exceed 50% by 2030 [2]. In such a background, electric vehicle sharing (EVS) was proposed, which attracted considerable attention around the world due to its abilities to improve mobility and sustainability [3]. Recently, some studies showed that such a system was beneficial to solving congestion and environmental pollution problems [4,5,6,7,8,9]. In addition, providing economically disadvantaged groups with an affordable price is another benefit [10,11,12].



Based on the locations where the rented cars are returned, the EVS systems can be divided into two different types: flexible “free-floating electric vehicle sharing (FFEVS)” and more restricted “two-way electric vehicle sharing (TWEVS)”, respectively. The FFEVS system means that users can pick up or drop off vehicles in any parking spot within the borders of an area; however, the TWEVS system requires users to pick up and drop off the rented cars in a fixed parking spot.



The attractiveness of EVS systems is generally determined by the service level and the cost. Specifically, the service level is influenced by the accessibility of vehicle stations. It mainly includes two aspects, for one thing, the distance between the user’s origin and destination from pick-up and drop-off vehicle stations, respectively, and another one is the availability of vehicles at stations. Regarding the cost, the main influence factors include the number and size of stations, fleet size, and availability of vehicles [13].



Ensuring vehicle availability and station accessibility is a prominent problem when vehicles can be rented and used on FFEVS systems. For example, the free-floating operation of the vehicles is coupled with the imbalanced demand of vehicles at the origin of the trip (pick-up station) and at the destination (drop-off station), which can cause vehicles to accumulate at some stations where they are not needed. Thus, precisely predicting the user demand of the rental station and rationally planning the location of the rental station are the keys to improving operational revenue [14].



Unlike traditional fuel vehicle sharing systems, the flexibility of the FFEVS system is limited by the charging problem. In general, the rental stations of FFEVS are usually located in public and commercial parking lots. As the electric vehicles are still in the initial stage of development, the charging facilities are not yet fully equipped, and only a few parking lots have installed the charging piles. In such a situation, the vehicles need to go to a nearby FFEVS rental station with charging facilities or a rental charging station. In addition, the charging time will affect the availability of the vehicle, and the accessibility of the charging station will affect the charging and scheduling costs of the vehicle. It is important to consider the configuration of the charging station, which can improve vehicle availability and reduce operating costs [15]. Thus, efficient strategic planning should be implemented, such as introducing models into one-way car-sharing systems to optimize the number and location of the service stations, the fleet size, and the dynamic allocation of vehicles to stations. And those models can help decision-makers achieve a balance between the level of service and the total cost (including vehicle relocation costs).



Therefore, scientifically determining the use demand of shared cars and developing effective station (rental stations and charging stations) layout optimization methods based on this user demand is the core content of ensuring the orderly development of shared cars and also the key to exerting the advantages of shared cars in alleviating traffic congestion, reducing energy consumption, and reducing environmental pollution.



However, the literature currently lacks a model that can jointly optimize rental station locations, the size of the EV fleet, and charging station locations, while considering the dynamics of vehicle relocation and balancing for a system with reservations. Existing models [16] either look at station locations without consideration of vehicle relocation decisions or assume that only the demand in the catchment area of opened stations needs to be served. In the case where vehicle relocation is modeled, the relocation of the vehicles and the associated costs are considered only at the end of the operating period (usually a day), which will influence the fleet size [17]. Studies related to EVS station location planning are summarized in Table 1.



The objective of this paper is threefold: (i) Develop and validate a series of carsharing demand forecast models for determining the rental station locations and fleet size of FFEVS; (ii) develop a mathematical model for determining the optimum fleet size, and the number and location of the required stations of FFEVS with consideration of dynamic vehicle repositioning (relocation); and (iii) apply the proposed model to plan and operate a FFEVS system in the city of Beijing, China.




2. Methodology


Figure 1 shows the framework of our methodology, which encompasses three core components: (i) Estimating the radiation scope of one station by surveying users’ maximum acceptable travel time; (ii) forecasting the demand distribution of carsharing with the travel purposes of the residents and the land use indicators; and (iii) constructing an integrated station optimization model based on the predicted carsharing demand to maximize operators’ profits.



2.1. Station Radiation Scope


The influence scope of an EVS station refers to the maximum radiation range of the station. The radiation scope can be formed by taking the station as the center and the acceptable distance as the radius; the acceptable radius is the distance from the starting point to the rental station.



To investigate the maximum acceptable distance and mode of transfer when people choose to use EVS, a paper questionnaire and an online electronic survey are applied in this research. The survey collected a total of 892 valid questionnaires, and the results showed that the proportion of people walking ranked first, which was around 86%. Due to the figures for other transfer methods being less than 10%, those ways were not analyzed in this research. The statistical results of the questionnaire showed that the average walking speed is 5 km/h, the probability density is the normal distribution, and the distance at the cumulative probability of 85% is the walking distance. In addition, the maximum acceptable distance for users is 921.65 m in this paper.



In general, the actual transfer distance for passengers is greater than the straight distance from the starting point of the trip to the railway station. The transfer distance can be ensured after correcting the road network’s characteristics [4]. In this research, the road network is mostly square in Beijing. Thus, the actual passenger transfer distance can be expressed as [30]


  L =  L 1  +  L 2  = R  (  sin α + cos α  )  =  2  sin  (  α +  π / 4   )   



(1)




where   L   is the actual transfer distance;     L   1     and     L   2     are the length of the side of the road;   R   is the straight distance from a point to the electric vehicle sharing station. Calculated by Equation (1), the actual passenger transfer distance of Beijing is 651.71 m.




2.2. Demand Prediction


The demand forecast model consists of three parts: data investigation, land use index, and the construction and verification of the demand model. Based on the residents’ main purpose of travel, the characteristics of various land use types are refined, and land use indicators and models are established to determine the demand distribution of electric vehicle sharing.



2.2.1. Data Resources


Operational data for an EVS company in Beijing was collected. The data mainly include vehicle GPS positioning data and order data. In this research, the total number of data points is 169,926 (year: 2020–2021), and the form of the data is shown in Table 2.



Firstly, the study investigated approximately 190,000 POIs within the Six Miles area of Beijing. Then the POIs are divided into six parts (education, leisure, residence, work, shopping, and other five categories) based on the main purpose of Beijing residents’ travel [31]. After that, the POIs are built according to the type of different databases with the help of GIS (Geographic Information System). Finally, using the influence radius of electric vehicle sharing stations as a radius buffer, we can obtain the number of various POIs within the scope of the station, as shown in Figure 2.




2.2.2. Index Selection and Construction


As we know, the building area is the main control index in the process of planning, which can significantly influence the population, social economy, and other indicators. Therefore, in this paper, a refinement analysis of the station was conducted by using the building area of interest within the scope of the attraction of the orbital station. In addition, this study uses the “total building area” and “land use different index” to represent the density and degree of land use, respectively. The results are regarded as the basis for constructing a demand model for electric vehicle sharing stations.



Based on the refined database of the land in Beijing, the number of POIs within the influence scope of each station is acquired through ArcGIS. Using the average building area of various interest points obtained from the survey [31], the various POIs within the area are converted into building areas, which include education building area   A  e i   , work building area   A  w i   , residential building area   A  r i   , commercial building area   A  s i   , leisure building area   A  l i   . The total number of POIs for each station is termed as   A  t i   .



From the travel mechanism of electric vehicle sharing, regardless of whether the travelers’ purpose is working, going to school, or shopping, the land use for starting and ending is different [32]. For example, when you travel for work, the starting point is often residential land, the end point is work land and the return journey is the opposite. There are fewer trips from work land to work land, or from residential land to residential land [33]. Extending this reason to the accumulative level, it can be considered that the difference in land use within the two attraction ranges is the driving force for traveling [34]. In other words, if there are fewer differences in land use between two different attractions, the attraction between those two places is less attractive. Conversely, the attraction is greater [35]. Based on the analysis, the land use disparity index between the different attractions can be expressed as


   L  i j   =      (  A  e i  − A  e j   )   2  +    (  A  w i  − A  w j   )   2  +    (  A  r i  − A  r j   )   2  +    (  A  s i  − A  s j   )   2  +    (  A  l i  − A  l j   )   2     



(2)







In addition to land use factors, other alternative transportation modes are also playing an indispensable role in electric vehicle sharing travel. Considering that bicycles take up a small proportion of long-distance travel, the alternative transport modes mainly consider buses and private cars. The number of bus lines in the pedestrian zone and the number of parking are used to evaluate the impact of traffic demand factors on electric vehicle sharing stations. The number of bus lines and the number of parking spaces are counted by the number of corresponding POIs within the attraction range of the station.



Population is an important indicator of the intensity of land use. We obtain the total population (  P  o i   ) by adding the number of people in all POIs within the scope of the station. Apart from population, other social-economic data, such as the number of employees, can also explain the capacity of each zone to attract users more than other zones. They can be added to the EVS demand forecast model if other types of social-economic data are available.




2.2.3. Model Construction


Total traffic generation (   P i   ), one-way traffic generation (  P  s i   , the rental station is different from the returning station), the round-trip traffic generation (  P  r i   , the rental station is the same as the returning station) and the total traffic attraction (   A i   ) is selected as the dependent variable, respectively. The total building area (  A  t i   ), the number of bus lines (   B i   ), the number of parking (  P  a i   ), and the population (  P  o i   ) within the influence scope of stations are the independent variables. The fitting results of the forecast models of total traffic demand are as follows:


   P i  = 0.750 A  t i  − 0.028 P  a i  − 0.196  B i  + 0.251 P  o i  + ε  



(3)






  P  s i  = 0.688 A  t i  − 0.022 P  a i  − 0.154  B i  + 0.352 P  o i  + ε  



(4)






  P  r i  = 0.743 A  t i  − 0.030 P  a i  − 0.209  B i  + 0.180 P  o i  + ε  



(5)






   A i  = 0.590 A  t i  − 0.460 P  a i  − 0.222  B i  + 0.325 P  o i  + ε  



(6)







Assume the number of orders (   R  i j    ) between stations i and station j as the dependent variable. The land use difference index (   L  i j    ), the total building area (  A  t i   ), the number of bus lines (   B i   ), the number of parking (  P  a i   ), and the population (  P  o i   ) within the influence scope of stations are used to forecast    R  i j    . The fitting result of the forecast model of traffic demand is given as follows:


   R  i j   = 0.503  L  i j   − 0.213 P  a i  − 0.091  B i  + 0.238 P  o i  + 0.861  A i  + ε  



(7)







As shown in Table 3, the fitness indexes (   R 2   ) of all models are greater than 0.7, indicating that the combination of independent variables selected by the model has a strong ability to interpret the dependent variables. In particular, Sig.s of    L  i j     and   A  t i    are less than 0.05, which confirms that land characteristic indexes have a significant correlation with the carsharing demand. We also observe that the Sig.s of some variables are far greater than 0.05, which should be excluded from the developed model. In practice, only variables with Sig.s less than 0.15 are added in the demand forecast models.




2.2.4. Model Test


In order to verify the accuracy of the model, select 20% of the small sample stations outside the 80% large sample of the calibration model to evaluate the predicted value. The predicted error E can be calculated by comparing the difference between the predicted value and the actual value:


  E =    (  R −  R ′   )   / R   



(8)







Table 4 reports the predicted errors of all stations in the testing dataset. The results showed that the 93.3% verification error is less than 20% and the 73.3% verification error is less than 15%. It is suggested that the models have good fitting effects and can provide a theoretical basis for the next section.





2.3. Station Optimization Function and Content


2.3.1. Problem Description


In this section, we address the problem of the electric vehicle-sharing system design. Locations of EVS rental stations and charging stations, the required EV fleet (the number of operational EVs), and the EV relocation activities (on a regular operation day) are chosen as decision variables. The main aims are to integrate several decisions under the same model and address the key operational issues that may emerge in practice. To this end, we divide the problem for the whole operation day into several steps, which were created within a MILP formulation. The general model framework computes several days of operation, maintaining the dimensioning data from previous iterations, re-computing the hour-operation MILP model, and updating the system design, until the configuration reaches a net revenue equilibrium, producing a stable and “optimal” system configuration.



The evaluation of the system’s net revenue results from the fares paid by users, which may cover the system costs that result from three main components: the construction of the EV rental and charging stations, the acquisition of the EV fleet, and the relocation operations of the EVs.



The following section presents the mathematical modeling of the hourly optimization model, which is further refined into sub-operation periods compatible with regular EV trips’ travel times.




2.3.2. Mathematical Formulation


The model presents the following formulation:



(1) Parameters



	
Notions

	
Descriptions




	
Sets




	
  N =  (  1 , ⋅ ⋅ ⋅ , i , ⋅ ⋅ ⋅ , N  )   

	
set of all candidate stations for the location of rental stations, where N is the total number of rental stations;




	
  Q =  (  1 , ⋅ ⋅ ⋅ , q , ⋅ ⋅ ⋅ , Q  )   

	
set of all candidate stations for the location of charging stations, where Q is the total number of charging stations;




	
  R =  (  1 , ⋅ ⋅ ⋅ , r , ⋅ ⋅ ⋅ , R  )   

	
set of all candidate stations for the location of rental stations with charging function, where R is the total number of rental stations with charging function;




	
  D =  (  1 , ⋅ ⋅ ⋅ , d , ⋅ ⋅ ⋅ , D  )   

	
set of demand from rental stations i to j at time step t;




	
  V =  (  1 , ⋅ ⋅ ⋅ , v , ⋅ ⋅ ⋅ , V  )   

	
set of candidate trips during one day of operation;




	
  K =  (  1 , ⋅ ⋅ ⋅ , k , ⋅ ⋅ ⋅ , K  )   

	
set of persons that perform trips   v ∈ V  ;




	
  M =  (  1 , ⋅ ⋅ ⋅ , m , ⋅ ⋅ ⋅ , M  )   

	
set of relocation trips in one day;




	
  T 1 =  (  1 , ⋅ ⋅ ⋅ , t 1 , ⋅ ⋅ ⋅ , T 1  )   

	
set of operational time steps in one day;




	
  T 2 =  (  1 , ⋅ ⋅ ⋅ , t 2 , ⋅ ⋅ ⋅ , T 2  )   

	
set of relocation time steps in one day.




	
Decision variables




	
   X  v i j    

	
binary variable that defines if the trip   v ∈ V   uses the rental station   i ∈ N   and   j ∈ N  ;




	
   Y  m i q    

	
binary variable that defines if the charging trip   m ∈ M   uses the station   i ∈ N   and   q ∈ Q  ;




	
   Z  m q j    

	
binary variable that defines if the relocation trip   m ∈ M   uses the charging station   q ∈ Q   and rental station   j ∈ N  ;




	
   U  m i j    

	
binary variable that defines if the relocation trip   m ∈ M   uses the rental station   i ∈ N   and   j ∈ N  ;




	
   S  i t 1    

	
integer variable that identifies the balance of EVs in rental station   i ∈ N   at time step   t 1 ∈ T 1  ;




	
   Y q   

	
    integer   variable   that   identifies   the   charging   capacity   of   charging   station   q ∈ Q  ;




	
   Z i   

	
integer variable that identifies the capacity of rental station   i ∈ N  ;




	
 F 

	
integer variable that identifies the total EV fleet;




	
   I  i t 2    

	
integer variable that identifies the number of EVs in rental station   i ∈ N   at time step   t 2 ∈ T 2  ;




	
   M i   

	
    integer   variable   that   identifies   the   number   of   EVs   that   need   to   be   relocated   in   rental   station   i ∈ N  ;




	
  R  e i   

	
    integer   variable   that   identifies   the   number   of   EVs   that   need   to   be   recharged   in   rental   station   i ∈ N  ;




	
   M  i j    

	
integer variable that identifies the number of EVs relocated from rental station   i ∈ N   to   j ∈ N  ;




	
  R  e  i j    

	
    integer   variable   that   identifies   the   number   of   EVs   that   need   to   be   recharged   in   station   j є N      relocated   from   rental   station   i ∈ N  ;




	
   H k   

	
binary variable that defines if the person   k ∈ K   performs a trip.




	
Data




	
   T  i j    

	
    matrix   that   represent   the   travel   time   estimates   to   travel   from   rental   station   i ∈ N      to   j ∈ N   with an EV;




	
   D  i j    

	
    the   matrix   that   represents   the   travel   distance   estimates   to   travel   from   rental   station   i ∈ N      to   j ∈ N   with an EV;




	
   U  t 2    

	
    binary   variable   that   identifies   if   the   user   k ∈ K      already   used   the   system   in   a   step   t 2 ∈ T 2  ;




	
   Z  i t 2    

	
    integer   variable   that   identifies   the   capacity   of   rental   station   i ∈ N      obtained   in   a   step   t 2 ∈ T 2  ;




	
   F  t 2    

	
    integer   variable   that   identifies   the   total   EV   fleet   obtained   in   a   step   t 2 ∈ T 2  ;




	
   B  i t 2    

	
    integer   variable   that   identifies   the   number   of   EVs   that   did   not   arrive   at   the   rental   station   in   the   previous   step   t 2  .




	
Constants




	
   Z  m a x    

	
maximum capacity of rental stations;




	
   Z  m i n    

	
minimum capacity of rental stations;




	
   P t   

	
fare rate of an EV per minute at step   t 1 ∈ T 1  ;




	
   P d   

	
fare rate of an EV per kilometer at step   t 1 ∈ T 1  ;




	
   C s   

	
space cost in station   i ∈ N   for one EV per time at step   t 1 ∈ T 1  ;




	
   C t   

	
docking cost of an electric vehicle per minute in rental station   i ∈ N   at step   t 1 ∈ T 1  ;




	
   C d   

	
docking cost of an EV per minute in charging station   i ∈ N   at step   t 1 ∈ T 1  ;




	
   R c   

	
    Relocation   cos t   of   moving   a   vehicle   from   rental   station   i   to   j   at   step   t 1 ∈ T 1  ;




	
   V c   

	
fixed daily cost of each EV;




	
   F  m a x    

	
maximum number of EVs in the system;




	
   t s   

	
total time traveled by all EVs;




	
   S s   

	
electric vehicle hourly driving subsidy;




	
   d N   

	
the normal trip distance of an EV with a fully charged state;




	
   t N   

	
the normal charging time of an EV.









(2) Model construction



With above notations, the objective function is described by the following expression.



Revenue:


   P t     ∑   v   є   V     ∑   i   є   N     ∑   j   є   N     X  v i j    D v   T  i j   +  P d     ∑   v   є   V     ∑   i   є   N     ∑   j   є   N     X  v i j    D v   D  i j   +  t s   S s   



(9)







Fleet cost:


   V c   F t   



(10)







Depot cost:


   C s     ∑   q   є   N     Y q  +  C t     ∑   i   є   N     Z i   



(11)







Relocation cost:


   R c   (     ∑   v   є   V     ∑   i   є   N     ∑   j   є   N     X  v i j   +    ∑   m   є   M     ∑   i   є   N     ∑   k   є   Q     Y  m i k   +    ∑   m   є   M     ∑   k   є   Q     ∑   j   є   N     Z  m k j    )   



(12)







Charging cost:


     C t   t N   (     ∑   v   є   V       ∑   i   є   N     ∑   j   є   N     X  v i j      d  i j      d N    +    ∑   m   є   M     ∑   i   є   N     ∑   k   є   Q     Y  m i k      d  i k      d N      +    ∑   m   є   M     ∑   k   є   Q     ∑   j   є   N     Z  m k j      d  k j      d N                  +    ∑   m   є   M     ∑   i   є   N     ∑   j   є   N     U  m i j      d  i j      d N     )     



(13)







Net revenue:


  N e t   r e v e n u e = R e v e n u e − F l e e t   c o s t − D e p o t   c o s t − R e l o c a t i o n   c o s t − C h a r g i n g   c o s t  



(14)







The model is a mixed integer linear programming model with maximizing operator’s profit as the objective function. The main benefits and costs of vehicle operation are shared by all parts of the objective function, including revenue, vehicle costs, parking costs, scheduling costs, and charging costs. Among them, the content of “Revenue” mainly includes two major aspects: (1) The usage charges for renting the car; (2) the government’s subsidies    t s   S s    to encourage the development of shared electric vehicles. The acquisition method of usage charges is the “time and mileage comprehensive charging method”, which is the most widely used and most acceptable to users at present. That is, the usage time      ∑   v   є   V     ∑   i   є   N     ∑   j   є   N     X  v i j    D v   T  i j     and the driving mileage      ∑   v   є   V     ∑   i   є   N     ∑   j   є   N     X  v i j    D v   D  i j     are, respectively, at their own unit price, and the final sum is added. The “Vehicle cost” is the daily loss value    V c   F t    of the vehicle after purchase and is related to the purchase price and the sale price after a certain period. The “Depot cost” refers to the parking fee for the rental and parking of vehicles at stations, which usually includes two ways: parking in a specific area charged according to the leased area    C s     ∑   q   є   N     Y q    or parking space charged according to the number of parking spaces    C t     ∑   i   є   N     Z i   . The “Relocation cost” refers to the cost incurred by relocating a vehicle from spare stations to other stations with a shortage of vehicles and a demand for useful vehicles.



Vehicle relocation usually includes two ways: (1) For vehicles      ∑   v   є   V     ∑   i   є   N     ∑   j   є   N     X  v i j     with sufficient electricity, the original parking station directly relocates the vehicles to the rental station, which lacks the vehicles; (2) for vehicles with insufficient electricity, the original parking station first dispatches the vehicles      ∑   m   є   M     ∑   i   є   N     ∑   k   є   Q     Y  m i k     to the charging station for charging, and then the charging station relocates the vehicles      ∑   m   є   M     ∑   k   є   Q     ∑   j   є   N     Z  m k j     to the rental station, which lacks the vehicles. The “Charging cost” refers to the cost of electricity used to charge a used vehicle. According to the purpose of the vehicle’s power consumption, vehicle charging usually includes two ways: (1) For rental stations with a charging function, the staff charges at the rental stations, and the charging amount      ∑   v   є   V     ∑   i   є   N     ∑   j   є   N     X  v i j      d  i j      d N      is the user’s power consumption; (2) for rental stations without a charging function, the staff will drive the vehicle to the charging station to complete charging and then relocate the vehicle to the rental station. The charging cost includes three parts: the power consumption of users (     ∑   m   є   M     ∑   i   є   N     ∑   j   є   N     U  m i j      d  i j      d N     ), the power consumption of staff driving vehicles to charging stations (     ∑   m   є   M     ∑   i   є   N     ∑   k   є   Q     Y  m i k      d  i k      d N     ), and the power consumption of staff relocating vehicles to rental stations (     ∑   m   є   M     ∑   k   є   Q     ∑   j   є   N     Z  m k j      d  k j      d N     ).



This solution space is subject to the following constraints:


     ∑   v   є   V     ∑   i   є   N     ∑   j   є   N     X  v i j   ≤ 1   ∀   i , j ∈ N , v ∈ V  



(15)






     ∑   m   є   M     ∑   i   є   N     ∑   j   є   N     U  m i j   ≤ 1   ∀   i , j ∈ N , m ∈ M  



(16)






     ∑   m   є   M     ∑   i   є   N     ∑   q   є   Q     Y  m i q   ≤ 1   ∀   i ∈ N , m ∈ M , q ∈ Q  



(17)






     ∑   m   є   M     ∑   q   є   Q     ∑   j   є   N     Z  m q j   ≤ 1   ∀   j ∈ N , m ∈ M , q ∈ Q  



(18)







Constraints (15)–(18) ensure that each trip is assigned only to one pair of origin-destination depots.


   I  i t 2   +  S  i t 1   ≤  Z i    ∀   i ∈ N , t 1 ∈ T 1 , t 2 ∈ T 2  



(19)







Constraint (19) warrants that the instantaneous fleet available at depot   i   ∈   N   does not exceed the depot capacity.


   I  i t 2   +  S  i t 1   ≥ 0   ∀   i ∈ N , t 1 ∈ T 1 , t 2 ∈ T 2  



(20)







Constraint (20) ensures that the total number of electric vehicles docked at the depot or moving has to remain constant for the entire step   t 2 ∈ T 2  .


  F ≤  F  m a x    



(21)







Constraint (21) guarantees that the estimated fleet is smaller than a maximum threshold.


   Z i  ≥  Z  m i n    Y i    ∀   i ∈ N  



(22)







Constraint (22) ensures that the capacity of a depot is greater than a minimum threshold.


   R  i j   ≤  I i    ∀   i , j ∈ N  



(23)






   R  i j   ≤  Z j  −  B j    ∀   i , j ∈ N  



(24)







Constraints (23) and (24) set an upper bound to relocation from and to every station, respectively. This upper bound equals the number of operating parking spaces in all open stations.


   M  i r   ≤  I i    ∀   i ∈ N , r ∈ R  



(25)






   M  i r   ≤  Z r  −  B r    ∀   i ∈ N , r ∈ R  



(26)






   M  i q   ≤  I i    ∀   i ∈ N , q ∈ Q  



(27)






   M  i q   ≤  Z q  −  B q    ∀   i ∈ N , q ∈ Q  



(28)







Constraints (25)–(28) set an upper bound to relocation from and to every station, respectively. This upper bound equals the number of operating parking spaces in all open charging stations.


   Y i  ≤    Z i     Z  m a x         ∀   i ∈ N  



(29)







Constraint (29) warrants that a depot is only considered when it presents capacity.


   B  i t 2   +    ∑   v   є   V     ∑   j   є   N     X  v i j    D v  +    ∑     r є   R     M  i r   +    ∑     q є   Q     M  i q   =  I  i t 2     ∀   i ∈ N , r ∈ R , q ∈ Q , t 2 ∈ T 2  



(30)







Constraint (30) ensures that the sum of the number of vehicles leaving the station and the number of remaining vehicles matches the total number of vehicles on the station.


     ∑   i   ∈   N     I  i t 2   = F     ∀   t 2 ∈ T 2  



(31)







Constraint (31) guarantees that the fleet of time step   t 2 ∈ T 2   is distributed in its initial time step   t 1 ∈ T 1  .


   H k  ≤    ∑   v   ∈   V     ∑   i   ∈   N     ∑   j   ∈   N     X  v i j       ∀   t 2 ∈ T 2  



(32)







Constraint (32) ensures that a potential user is only considered a client after performing a trip during a time step   t 2 ∈ T 2  .



As this problem was formulated as a MILP, its deterministic and global optimum solution can be solved by a branch-and-bound procedure using the FICO Xpress optimizer.






3. Model Application


The proposed model of demand prediction and station optimization is applied to plan an FFEVS system in Beijing, China. Beijing is located between the latitudes 39°26′ N and 41°03′ N and the longitudes 115°25′ E and 117°30′ E. The study area is shown in Figure 3. It covers an area of 1.641 million hectares, including an urban area of 0.137 million hectares and a built-up land area of 0.129 million hectares. In terms of topography and geography, 38% of the area is mountainous, and the rest are plains. The total population was 21.71 million in 2021 [36].



A typical FFEVS company in Beijing is selected as a case study. The company currently has 39 main operating rental stations with 526 electric vehicles. The rental stations are mainly distributed in the main urban area of Beijing, and the type of vehicle is a Beiqi EV160 with 40 min of full charge time. To ensure vehicle performance and relocation, the rental user can use a cruising range of 130 km. New energy vehicles enjoy the purchase subsidy policy, with state subsidies of $5190 and local subsidies of $2595. The purchase cost of vehicles is $9803 per vehicle. In general, the utility time of rental vehicles is 3 years, and the selling price of each vehicle is about $1153. The cost of vehicle charging is $0.23 per kWh in Beijing, which includes a $0.115 electricity fee and a $0.115 service fee. The rental space for the FFEVS system mainly includes two aspects: the company headquarters and parking lots. The daily rental fee for the company is $0.72 per square meter. The rental price for each parking space ranges from $0.35 to $0.43, which depends on the location and flourishing degree of the parking lot where the rental stations are located.



The FFEVS system has 39 main operating rental stations, and five rental stations need to be selected from 20 alternative rental stations and four charging stations need to be selected from 10 alternative rental stations to expand the scale of the system in the main city. To cope with the enormous number of location variables, the station optimization model is used.



3.1. Data Setting


The first step is the preparation of data, which includes a considerable pre-processing work:




	(1)

	
Apply the demand forecast model to determine the demand distribution of each electric vehicle sharing station;




	(2)

	
geocode the potential depots for electric vehicles, using the current location of electric vehicle charging stations;




	(3)

	
computing the travel times of the OD matrix that contains all the possible paths between depots using a GIS network shortest path algorithm with a digital elevation model. The differentiation of the shortest path for electric vehicles was included by disregarding the road altimetry variation;




	(4)

	
computing the walking times for each candidate user from the determined location to the different potential depots.










3.2. Experimental Design


In order to select the most effective stations for the electric vehicle sharing system, several scenarios were designed and tested. These scenarios present several possible system attributes, like the station demand and the subsidy.



From the demand side, there are three possible variations: 50% decreased demand, base demand, and 50% increased demand. The second part is making the station meet future development needs. For the subsidy side, based on the government’s consideration of green travel to address the challenges of sustainable development, three different subsidy plots for sharing travel are set: 0, 0.5, and 1 dollar per hour, respectively.



By comparing the results of the above 9 combined scenarios, the 5 rental stations and 4 charging stations were the most selected in all scenarios, which is also the final solution.




3.3. Results


In this section, we will analyze the results from all the scenarios with the proposed model. The research results are shown in Table 5 and Figure 4. It is observed that (in addition to 39 already operating stations), all nine efficient solutions select stations among a set of 20 candidate rental stations and 10 charging stations. Five of these stations appear in all scenarios; thus, the five stations (codes 41, 42, 51, 54, and 55) are the final solution. Regarding the charging stations, two (codes 61 and 68) of all candidate charging stations appear in all scenarios, and another charging station appears in seven (code 63) and eight (code 67) scenarios, respectively. This result suggests that, from a station location perspective, the efficient station locations are not in conflict and the solution is robust. Since there are no conflicts in station locations, these five rental stations and four charging stations are assumed to be operating stations in further analysis.




3.4. Sensitivity Analyses


The impact of subsidies holds significant importance for EVS development. By reducing the upfront costs for both operators and users, subsidies encourage the adoption of environmentally friendly vehicles, contributing to reduced carbon emissions and enhanced air quality in urban areas. It is very interesting how subsidies affect the costs, benefits, and revenues of the EVS system. Three different levels of subsidy (0, 0.5, and 1 dollars per hour) were investigated for three different levels of demand (50% decreased demand, base demand and 50% increased demand). Alternatively, if an exact model of demand sensitivity to pricing exists, a similar analysis could be made. The results of this analysis are shown in Figure 5.



The results suggest that the percentage of demand served increased from 5% to 13%. Unprofitable demand in low- or no-subsidy areas becomes profitable for the operator. Although the operator’s cost needs to increase by 4–17%, the extra revenues generated outweigh the extra costs. More importantly, the increase in subsidy has a positive effect on the number of vehicles. Since increased subsidy can enable operators to have more vehicles, the system becomes less dependent on relocation operations. Another important finding of the analysis of subsidy levels relates to the effect of the demand balance between demand level and subsidy on net revenues. When comparing the net revenues of the operator for the same subsidy with different demand levels, the increase in profit is faster than the increase in demand. It indicates that larger demand makes the system more efficient and profitable, and as a result, the level of subsidy decreases.




3.5. Compared Analyses


It is also necessary to show the advantages of the optimization algorithm. Two baselines are used here. One is a regular arrangement, where the rental stations are assigned to the centroids of a grid map. The other is a random arrangement, where the rental stations are randomly placed in the studied area. In this subsection, the area within the Third Ring Road of Beijing was used as the research object. The total number of rental stations is set at twenty.



Table 6 compares the layouts, costs, and revenue of different rental station arrangements. Compared with grid arrangements, although our method consumes more operating costs, revenue increased significantly. Specifically, our arrangement yields (647 − 252)/252 ≈ 156.7% profit growth. Unlike even distribution in random arrangements, more rental stations are placed by our method over the north of the area, to match the distribution of traffic demand. Finally, our method reduces costs by 2.7% while increasing revenue by 59.7%. The above analyses confirm that the arrangement of EVrental stations should consider user demand and operator cost jointly.




3.6. Practical Consideration


Electric vehicle sharing stands as a pivotal eco-conscious transportation solution, poised to yield substantial benefits for transportation and the environment. Nevertheless, as an emerging and evolving mode of transport, there is still a long way to go to achieve perfect integration with people’s daily lives, urban rhythms, and established transportation networks [37]. Drawing from the present study, several key policy implications are discussed herein:




	(1)

	
Governments should comprehensively investigate the citizens’ intentions, needs, and concerns regarding the use of EVS. In combination with the survey results and the original urban development plan, each jurisdiction should formulate an EVS development plan at different levels, regions, and phases.




	(2)

	
Operation mode of shared vehicles should be deeply combined with the space-time demand distribution of shared vehicles. The spatial demand distributions of shared cars are always related to certain interest points. The time-demand distribution of shared cars is always related to the peak travel time of residents.




	(3)

	
Optimization of the EVS station necessitates a multifaceted perspective. In addition to in-depth consideration of traffic demand, factors such as vehicle charging, vehicle scheduling, land use, operation cost, connection with other modes of transportation, balance and optimization of traffic structure, and sustainable development should also be considered.




	(4)

	
Policymakers should employ diverse strategies for EVS development at different stages. In the early stages of the development of electric vehicle sharing, there is great economic and market pressure and more administrative thresholds. The government can formulate preferential incentive policies in terms of subsidies, taxation, and land use. For example, prioritizing the use of roads, parking resources, and other means to support the layout of electric vehicle sharing parking spaces and charging piles.











4. Concluding Remarks


Free-floating EVS systems have emerged around the world as an alternative urban mode. These systems have been quickly evolving in the last few decades, and currently they are integrated with other existing transportation modes. This study addresses the design problem of free-floating EVS systems with EV rental stations and charging stations. The proposed model integrates demand, subsidy, and the required investment, as well as operational costs and different types of fare. The developed mathematical formulations are applied to a real-life case study. The models make a sensitivity analysis to test the influence of the considered parameters in the system design.



The carsharing demand forecasting model, based on the land characteristics of carsharing station catchment areas, proposed in the paper demonstrates good precision and can provide good support for strategic planning of shared vehicle systems. The proposed model solves the problems of existing literature by considering simultaneously decisions associated with the allocation of strategic assets, i.e., rental stations and electric vehicle charging stations for free-floating electric vehicle sharing, and the allocation of personnel for relocation operations (tactical decision). The model provides decision-makers with opportunities to perform sensitivity analyses for relevant model parameters. This feature is particularly useful for cost values that are difficult to establish empirically (e.g., utility gain from satisfied customers, population coverage, station accessibility cost). This last feature is also important if we consider that EVS systems are subsidized with public funds.



Although the model provides satisfactory results for the case under consideration, the empirical studies have concurrently illuminated certain limitations:




	(1)

	
The study focuses on Beijing, China, which may limit the generalizability of the findings to other urban contexts with different socio-economic profiles, transportation infrastructures, or cultural attitudes towards car-sharing. Different cities have unique points of interest (POIs), population densities, and travel patterns that could influence demand forecasting differently.




	(2)

	
While the paper uses land characteristics and POIs to forecast demand, it might not fully capture the complexity of user behavior. Factors like weather conditions, time of day, special events, public transport availability, and individual preferences can significantly affect demand but are not mentioned in the abstract.




	(3)

	
Although a sensitivity analysis is conducted, it focuses on varying demand and subsidy levels. Other external factors such as changes in fuel prices, EV technology advancements, or shifts in government policies, could also significantly influence the effectiveness of the planning model but are not explored.









Above limitations also highlight crucial issues for further exploration in future research:




	(1)

	
Extend the study to include multiple cities with diverse urban structures and cultural backgrounds to validate the model’s universality and refine it for better adaptability across different regions.




	(2)

	
Integrate real-time and big data sources (e.g., social media, traffic data, weather forecasts) into the demand forecasting model to enhance accuracy and responsiveness to immediate changes in user behavior.




	(3)

	
Develop dynamic planning models that can continuously learn and adjust station placements and fleet sizes based on real-time usage patterns and emerging trends.




	(4)

	
Explore the influence of user psychology and behavioral economics on car-sharing adoption. Understanding user incentives, perceived convenience, and trust in technology can inform strategies to boost user engagement and loyalty.
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Figure 1. Framework. 
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Figure 2. Sketch map of points of interest distribution and grasp. 
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Figure 3. Study area. 
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Figure 4. Spatial distribution of the rental and charging stations. (a) Alternative station distribution; (b) selected station distribution. 






Figure 4. Spatial distribution of the rental and charging stations. (a) Alternative station distribution; (b) selected station distribution.



[image: Ijgi 13 00233 g004]







[image: Ijgi 13 00233 g005] 





Figure 5. The costs, benefits, and revenues for different subsidy and demand levels. 
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Table 1. Some related studies about the station location planning of carsharing.
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	Reference
	Research Object
	Research Contents
	Research Method





	[13]
	EVS
	Fleet size, the number and location of the required stations.
	A multi-objective mixed integer linear programming with maximization of the net revenue for both operator and users.



	[16]
	Carsharing
	The best number, location and capacities of stations.
	An MIP model with the objective of the maximization of the operator’s profits.



	[17]
	Carsharing
	Location of rental station, vehicle fleet size.
	An MIP optimization model considering trips and station locations are freely selected by the system for profit maximization.



	[18]
	EVS
	Location of rental station, vehicle inventories, system framework.
	A CA approach basically approximates each local neighborhood of a space with an infinite homogeneous plane (IHP),



	[19]
	Carsharing
	Fleet size, reservation policy, parking capacity.
	A mixed queuing network model with consideration of road congestion and booking policy.



	[20]
	Carsharing
	Travel demand
	An agent-based travel demand model integrating station-based and free-floating carsharing



	[21]
	Carsharing
	Location of rental station, station capacity and fleet size problem
	A MILP model aims to maximize the daily profit of the carsharing operator.



	[22]
	Carsharing
	Vehicle fleet size and relocation, spatiotemporal demand
	A spatial decision support system that assists operators in countering imbalances between supply and demand.



	[23]
	Carsharing
	Vehicle relocation and staff rebalancing
	A joint optimization model for vehicle relocation and staff rebalancing using two integrated m-TSP formulations.



	[24]
	Carsharing
	Vehicle relocation
	A mathematical programming and a simulation model with the profitability of the CSO



	[25]
	Carsharing
	Fleet size and vehicle transfer
	A constrained nonlinear integer-programming model within an environment of dynamic demand



	[26]
	Carsharing
	Location of rental station, vehicle fleet size.
	An MIP approach accounts for vehicle stock imbalances by relocating vehicles at the end of the day.



	[27]
	Carsharing
	Station and vehicle parking
	A MILP approach based on network flow model



	[28]
	Carsharing
	Fleet size and vehicle relocation
	A simulation approach where the actual rental data of a free-floating carsharing system is embedded



	[29]
	Carsharing
	Station and vehicle selection
	A behavioral model to gain a greater understanding of users’ selecting vehicles.










 





Table 2. Fields and example records of orders.
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	Station of Origin
	Booking Time
	Order Amount
	Picking Up Time
	Dropping Off Time
	Station of

Destination





	1
	20:38:59
	27.34
	20:49:42
	21:12:43
	B1



	A2
	20:41:21
	37.03
	21:11:19
	21:42:10
	B2



	A3
	20:42:08
	57.51
	20:42:20
	22:28:23
	B3



	A4
	20:43:33
	58.34
	21:01:52
	23:42:50
	B4



	A5
	20:44:40
	18.65
	20:45:02
	23:11:08
	B5










 





Table 3. Index significance of the demand models.
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     R 2     

	
Sig.




	
    A  t i     

	
    P  a i     

	
     B i     

	
    P  o i     

	
     L  i j      

	
     A i     






	
    P i    

	
0.818

	
0.000

	
0.783

	
0.084

	
0.022

	
-

	
-




	
    A i    

	
0.735

	
0.000

	
0.001

	
0.103

	
0.015

	
-

	
-




	
   P  s i    

	
0.765

	
0.000

	
0.849

	
0.223

	
0.006

	
-

	
-




	
   P  r i    

	
0.772

	
0.000

	
0.793

	
0.100

	
0.126

	
-

	
-




	
    R  i j     

	
0.772

	
-

	
0.124

	
0.130

	
0.089

	
0.001

	
0.000











 





Table 4. Station demand prediction estimation model validation result.
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Station

	
24

	
25

	
26

	
27

	
28

	
29

	
Mean




	
Error




	
Model

	

	






	
    P i    

	
−14.10%

	
0.60%

	
−10.30%

	
2.90%

	
−17.90%

	
−14.40%

	
10.05%




	
    A i    

	
−11.31%

	
4.62%

	
12.44%

	
−8.13%

	
11.61%

	
−13.25%

	
10.23%




	
   P  s i    

	
−18.26%

	
20.24%

	
13.28%

	
26.02%

	
18.43%

	
−6.35%

	
17.08%




	
   P  r i    

	
10.27%

	
18.75%

	
−8.74%

	
−1.17%

	
−6.19%

	
18.08%

	
10.53%




	
    R  i j     

	
12.32%

	
9.85%

	
−7.44%

	
16.74%

	
−14.66%

	
−8.21%

	
11.54%











 





Table 5. The results of model output.
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Research Scenarios

	
Rental Station Set

	
Charging Station Set




	
Code

	
Demand

	
Subsidy (RMB/h)






	
Scenario 1

	
−50%

	
0

	
{41, 42, 47, 51, 54, 55, 58}

	
{61, 63, 64, 67, 68, 70}




	
Scenario 2

	
−50%

	
3

	
{41, 42, 46, 51, 54, 55, 58}

	
{61, 62, 63, 64, 67, 68}




	
Scenario 3

	
−50%

	
6

	
{41, 42, 46, 51, 53, 54, 55}

	
{61, 64, 65, 67, 68, 69}




	
Scenario 4

	
Base

	
0

	
{41, 42, 43, 51, 54, 55, 58}

	
{61, 63, 65, 67, 68, 70}




	
Scenario 5

	
Base

	
3

	
{41, 42, 43, 51, 52, 54, 55}

	
{61, 63, 64, 66, 67, 68}




	
Scenario 6

	
Base

	
6

	
{41, 42, 44, 51, 54, 55, 58}

	
{61, 63, 64, 66, 68, 69}




	
Scenario 7

	
+50%

	
0

	
{41, 42, 47, 51, 54, 55, 56}

	
{61, 62, 63, 64, 67, 68}




	
Scenario 8

	
+50%

	
3

	
{41, 42, 44, 51, 54, 55, 56}

	
{61, 63, 64, 66, 67, 68}




	
Scenario 9

	
+50%

	
6

	
{41, 42, 44, 51, 53, 54, 55}

	
{61, 62, 65, 64, 67, 68}











 





Table 6. Layouts, cost, and revenue of different rental station arrangements.
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	Grid Arrangement
	Random Arrangement
	Our Method





	Layouts *
	[image: Ijgi 13 00233 i001]
	[image: Ijgi 13 00233 i002]

(One example of five trials)
	[image: Ijgi 13 00233 i003]



	Cost (RMB/day)
	−1750
	−2231

(average value of five trials)
	−2170



	Revenue

(RMB/day)
	2002
	1764

(average value of five trials)
	2817







* [image: Ijgi 13 00233 i004] EVS station.
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