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A B S T R A C T

Car-sharing is an emerging transportation mode with increasing applications of electric vehicles
(EVs). One of the important issues for one-way electric car-sharing systems (ECS) is unbalanced
vehicle distributions and high relocation costs. To improve its efficiency and overall profit, this
research proposes a data-driven optimization model with the consideration of demand un-
certainty. Firstly, a large amount of historical order data from an ECS company are analyzed to
characterize the dynamics of the vehicles and the behavioral features of the users. An important
observation is that the daily demand by users, i.e., pick-ups, follows Poisson distribution; and the
arrival rates vary across time exhibiting four major temporal stages. Based on this observation,
this research constructs the ECS reallocation problem as a data-driven optimization model which
is a combination of a probability expectation model and a linear programming problem with real-
time data as input. More importantly, different from existing research, this research formulates
the profit as the mathematical expectation of a discrete random variable with uncertain consumer
demands. This allows for a comprehensive consideration of all possible future demands.
Furthermore, driving range constraint has been considered in the proposed model as EV is the
focus of this paper. A linear solution method is proposed to obtain the global optimal. At the end,
the model is validated using real data from 30 ECS stations. The results indicate the daily im-
provement of profit could be as high as 19.05% with an average of 10.16%.

1. Introduction

Nowadays, the concept of shared economy has been applied to many areas of transportation, such as car-sharing (Prieto et al.,
2017), ride-sharing, and bike-sharing (Frade and Ribeiro, 2015). This brings huge changes to our daily lives. Particularly with car-
sharing, traffic congestion and air pollution could be reduced significantly with the potential decrease in average vehicle kilometers
traveled (VKT) (Boyaci et al., 2015; Cartenì et al., 2016; Kent and Dowling, 2018; Shaheen and Cohen, 2013). Nowadays, there are
many enterprises providing the car-sharing service, e.g., EVCARD, ZipCar, Car2Go and UrCar. According to the rule of vehicle
returning, the car-sharing system could be divided into two types, i.e., one-way and round-trip (Balac et al., 2017; Li et al., 2018;
Weikl and Bogenberger, 2013; 2015). For the round-trip system, a car-sharing vehicle has to be returned to the station where it is
initially rented, while this limitation is removed for the one-way system (Bruglieri et al., 2015; Hipolito and Salazar-Gonzalez, 2007;
Malaguti et al., 2018; Becker et al., 2017). In general, the one-way operation offers more flexibility to travelers (Vine et al., 2014);
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therefore, it gains great popularity. But because of the inherent imbalance in demand and supply, the one-way car-sharing system
increases investment cost caused by reallocating vehicles. To avoid the situation that some car-sharing stations are overstocked by
high return vehicles while other stations have insufficient vehicles to meet the high demand, the one-way car-sharing system needs
both accurate forecast of future demand and dynamic decision-making on vehicle allocation (Jorge et al., 2014). Nevertheless, the
one-way system has many advantages, compared to the round-trip system. This paper intends to further improve the reallocation
problem for the one-way car-sharing system.

Over years, numerous researchers have been trying to optimize vehicle dispatching problem among stations, where user-based
and operator-based methods are the two major approaches (Gambella et al., 2017). User-based relocation is designed to guide users
to return vehicles at feasible locations. For example, Kaspi et al. (2014) proposed a parking reservation policy to indirectly adjust
vehicle distribution by adding time limitation to vehicle drop-offs. On the other hand, operator-based relocation means that the
system will employ staffs to change vehicle deployment in a static or dynamic way. The static relocation is often completed at off-
peak periods and the optimal distribution is estimated either by historical data or by given assuming requests. Nourinejad et al.
(2015) established an optimization model to balance the vehicle fleet size and staff members for minimizing the total investment cost.
Huang et al. (2018) discussed the relationship between vehicle relocation strategies and station deployment and size, and developed a
mixed-integer programming (MIP) model to address the relocation problem by assuming that the potential travel demand follows a
logit model. Deng and Cardin (2018) applied hourly rebalancing operations through a simulation-based methodology, and pointed
out that vehicle rebalancing activities were imperative in determining the configuration of a car-sharing system. For the dynamic
repositioning models, vehicles are dispatched with the purpose of meeting real-time requests, which are similar to the bike-sharing
problem (e.g., Caggiani et al., 2018; Du et al., 2019). Nourinejad and Roorda (2014) introduced request announcement time to
acquire users’ information in advance and then determine feasible plans with the minimum relocation cost. Jorge et al. (2015)
considered car-sharing services for special OD pairs to improve companies’ benefits, and found that relocating vehicles to designated
locations could meet more requests. For electric car-sharing (ECS) system, driving range limitation should be added in optimization
models beside the aforementioned considerations. Boyaci et al. (2017) combined electric vehicle (EV) charging requirements and
relocation decisions when designing an optimal deployment plan. While their research provided meaningful results on combining the
location and scale of car-sharing stations with operational decisions, the analysis is deterministic and therefore does not adequately
account for fluctuations in daily demand. In fact, due to this deterministic approach, rebalancing decisions are made simultaneously
with planning decisions, even if rebalancing decisions should respond to demand realization in real time. Recently, Xu and Meng
(2019) and Wang et al. (2019) also developed elegant models to address one-way electric car sharing problem. Particularly, Xu and
Meng (2019) has considered the nonlinear charging profile of EVs in ECS, and Wang et al. (2019) developed an innovative way to
predict relocation needs. Note both models use SOC information in their research.

Clearly, many existing studies have made large advances in the modeling and optimization of car-sharing service, but most of
them mainly focus on theoretical development without input from real data. With numerous car-sharing order records available and
shared by companies such as Zipcar, it is a great and crucial opportunity to revisit some of the existing models and make potential
improvement. This paper aims to shed some light on this problem. With a large amount of car-sharing data, including the details of
trips, orders, mileages, etc. provided by an electric car-sharing company named UrCar (www.ur-car.com.cn), we firstly explore and
identify some key behavioral patterns of both users and vehicles by analyzing these data using statistical models (e.g., Shaheen et al.,
2006). We further utilize these dynamic and real-time data as input to seek potential improvement for one of the most critical
problems in car-sharing, i.e. the vehicle allocation problem. To address the uncertainty of user’s arrival for pick-up, this research
treats the car-sharing dispatching problem as a discrete-stochastic process, followed by a typical linear programming transportation
problem. As some researchers noted, demand estimation is increasingly important to study in recent years (e.g., Jorge et al., 2014).
Therefore, the demand quantity probability function derived from real operational data statistics is used in our research to estimate
the amount of future demand without assuming that the future demands are known. The whole ECS one-way allocation problem is
then formulated as an optimization model with the objective of maximizing the total profit and considerations of dynamic demands
which are derived from historical real data. Specifically, we introduce “expected income” in the objective function to represent total
income which express the rental revenue minus idle or loss costs with considering all users demand. Note previous studies have
considered the income as the optimization factor (e.g. Correia and Antunes, 2012, Xu et.al. 2018), but mainly focusing on the known
order. Furthermore, different from the income in other research, the expected income in this research considers demand uncertainty.
It is derived from data after considering all situations of users’ demands for ECS. In detail, because the user’s future demand is a
discrete random integer corresponding to a probability which can be derived from the historical data, we use more realistic expected
values to represent possible income with some level of uncertainty indicated by a probability. By doing so, we consider all the
possible situations of the users’ needs at each ECS station. We believe this treatment is more realistic and novel in addressing demand
uncertainty. Furthermore, we have comprehensively considered the driving range constraint of EVs. It should be noted that we only
address the one-way car-sharing mode with non-floating rule.

The remainder of this paper is organized as follows. Section 2 presents key observations through statistically analyzing one-year
data provided by an ECS company. The information learnt from the data offers valuable input to our model. Section 3 develops an
ECS allocation model with the considerations of demand uncertainty and penalty cost for potential demand loss. Section 4 conducts
extensive experimental studies, using the real data from 30 stations. At the end, concluding remarks and future research are given in
Section 5.

X. Huo, et al. Transportation Research Part D 78 (2020) 102192

2



2. Electric Car-Sharing data analysis

Before introducing the proposed ECS allocation model, we first present some observations and statistical analysis from the real
operation data provided by an ECS company, which is currently operating ECS vehicles at both Beijing and Guangzhou. The goal is to
take advantage of these valuable and high-quality data, which are rarely available at this scale, to understand the behavioral patterns
that are associated with ECS travels. The analysis results will help us later formulate the optimization model.

In this research, we only use part of data from 30 ECS stations located in the north part of Beijing (see Fig. 1(a)). A whole year data
from 4/18/2016 to 3/31/2017 of these stations were used to investigate the ECS users’ behaviors. The data provide order-by-order
information, including order ID, customer ID, EV ID, car pick-up time, car return time, car usage cost, trip duration, trip mileage,
pick-up station ID, return station ID, and detailed GPS trip data (see Fig. 1(b) for a data sample). The following presents some findings
from the data:

1) Trip trajectories & distributions among stations: Trip trajectories can be reconstructed using the GPS data of the ECS vehicles.
Fig. 2(a) projects an example of a trip trajectory by one order, traveling from a northwest origin to southeast destination. Fig. 2(b)
projects the trajectories of all the orders in one day which clearly show a wide-range coverage of the north and west part of
Beijing’s urban arterial road network. Furthermore, Fig. 3 displays the average daily order numbers (11.16), average income per
order ($9.37), average time length per trip (4.62hr), and average mileage per trip (38.29 km) from all 30 stations. From the figure,
we can see station 1 has the highest daily orders; station 8 results the largest average cost per trip; station 2 appears to yield the
longest trip with respect to time duration, and station 15 has longest travel distance. Such information is very useful to char-
acterize users’ travel behavior.

2) Order distributions of time-of-day: Fig. 2 illustrates the spatial distribution features of the ECS orders, i.e. demand. We now look
at the temporal features by examining the distributions of orders in different time periods of a day. Fig. 4(a) and (b) present the
time series of pick-up and drop-off during a day based on a whole year’s data from all 30 stations. It can be found that the busiest
pick-up and return times are around 6 pm and 8 am, respectively. When combing pick-up and drop-off data together in Fig. 4(c),
we can identify four different time stages where the orders and vehicle status exhibit very different patterns:

• Stage 1 (00:00–05:00): Non-peak hours during mid-night with few orders occurred and most vehicles idling. This stage

Fig. 1. (a). Station locations. (b). Data Sample.

Fig. 1. (continued)
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corresponds to a non-active period for ECS service.
• Stage 2 (05:00–10:00): Morning peak hours for drop-off. It appears that users intend to return vehicles during morning. This

observation is consistent with users’ daily activities, since most of users usually rent a car at night to go home and return it back at
morning for work. In addition, during this stage, the pick-up of cars shows a trend of steady increasing, indicating high demand
during this period.

• Stage 3 (10:00–16:00): Semi-peak hours for both drop-off & pick-up during the middle of the day. We call it “semi-peak hours”
since both drop-off and pick-up exhibit a steady-state pattern during this period. This stage can be interpreted as another type of
busy period where drop-offs and pick-ups are continuously happening.

Fig. 2. (a). Vehicle trip of an order. (b). Trips of orders on 4/18/2016.

Fig. 2. (continued)
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Fig. 3. Order details for all 30 stations.

Fig. 4. Order distributions of time-of-day.
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• Stage 4 (16:00–24:00): Evening peak hours for pick-up. A boost of pick-up happens around 18:00 and then decreases in a rather
rapid pace whereas drop-offs maintain at a flat rate with slow time variations. This peak can be explained by people’s activities
after work including going home, eat out, and other social activities.

Although this four-stage partition of the day is not identical to the partition of peak/non-peak traffic, some similarity can still be
found. This implies that the demand and usage of car-sharing service, as reflected by the dynamics of pick-up and drop-off times,
follow closely how people travel and commute using the ordinary transportation modes. The data also shows that the duration per
trip is about 4.62 h (see Fig. 3(c)). Considering that the ECS vehicles need charging or maintenance, we believe it is most likely that
during each stage a vehicle only makes one trip. We hope that the operator will make the optimal relocation scheme for each station
at the beginning of each stage to configure the optimal number of EVs for this stage of the operation process.

3) Electricity level of ECS vehicles: As our problem concerns EVs, it is crucial to investigate the electricity level of ECS vehicles
since the remaining electricity of an ECS vehicle is important to determine whether this vehicle can be served for the next order
due to driving range limitation. Technically electricity data can be directly obtained from vehicles OBD (On-Board Diagnostics)
system or BMS (Battery Management System). However, our data do not provide electricity measures, but only mileage in-
formation. Therefore, we derive electricity information based on mileage data by assuming that the electricity assumption of an
EV is linearly proportional to driving mileage, as suggested by other research (e.g. Schneider et al., 2014; Bruglieri et al., 2015,
Bruglieri et al., 2018). Although it is a simplified assumption, considering the purpose of this research, it is reasonable and
adequate for this research.

The derived electricity information of ECS vehicles at each station from the historical data is then used to analyze the distributions
of the electricity levels (in percentage). Particularly, we derive the cumulative probability function of the electricity ratios of ECS
vehicles at each station and at each stage. Such information later will be used to determine the number of vehicles which can be
relocated to other stations for the next order. Fig. 5 demonstrates some examples using one month’s data (March 2017) from station
1. As shown in Fig. 5(a) for EVs at station 1 at stage 1, the electricity level of 14% of EVs is less than 20%, 29% of EVs have the
electricity level of 20–40%, 14% of EVs has the electricity level of 40–60%, 14% have the electricity level of 60–80%, and the rest of
29% of EVs have the electricity level of 80–100%. From these percentage, we can derive the exact number of EVs with certain amount
of electricity. Such information will be used to determine if these EVs have sufficient electricity for relocation and the following
order. The required electricity for relocation and the following order can be estimated using our proposed model. The details will be
discussed in the next section.

Fig. 5. Cumulative probabilities of electricity levels of EVs at station 1on March 2017
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4) Distribution for arrivals of daily pick-up at each station: It is also important to understand daily pick-up pattern at each
station, as it will help predict order demand. This can be derived based on the historical data of order numbers. To this end, we
collect the total pick-up numbers for all the stations over different days (from April. 1, 2016 to Mar. 31, 2017) and study their
distributions. Fig. 6 shows the data from 4 randomly selected stations. These plots of the cumulative pick-up quantity time series
indicate Poisson distribution features. We further use Kolmogorov - Smirnov (K-S) test to verify this observation of Poisson
distribution. A p-value (calculated by SPSS) of 0.05 or less is commonly interpreted by statisticians as justification for rejecting the
null hypothesis that the data is Poisson distributed. The results for 30 stations are presented in Table 1 and show that we fail to
reject the hypothesis that the data are Poisson distributed. Therefore, it is safe to claim that ECS demands, i.e. pick-ups, are
Poisson distributed. It is an observation derived from our data. This observation will be used for our model development.

3. A data-driven allocation model for one-way electric car-sharing system

The proposed allocation model essentially searches for the optimal reallocating strategy involving all EVs at all stations over the
span of each stage to maximize profit expectation. Our goal is to design a one-step (i.e. one-stage) linear optimization model, which
balances the order demand and vehicle supply for all stations so the overall profit could be maximum. The profit is equal to the rental
revenue minus operation costs, which include the idle cost occurred when the allocated vehicles are excessive for the actual orders,
the demand loss cost occurred when a station has oversaturated orders, and the dispatching cost coming from reallocating vehicles
among stations. As a highlight, the proposed model will be “data-driven” and “one-stage”, i.e., the inputs for the model, i.e. the
spatial and temporal characteristics as described in Section 2, are derived directly from historical data at the beginning of each stage,
and the optimal results from last stage do not have direct impacts on the current stage. The reason for this setting is because the
available data do not provide detailed information about individual vehicles, therefore we could not track each individual vehicle.
The following sections will explain the details of the proposed model.

3.1. Notations & assumptions

Before we present the mathematical details of the proposed model, a list of notations is first introduced in Table 2:
Also, we would like to clarify some assumptions in our model:

(1) We assume the demand in each stage follows the Poisson distribution;
(2) We assume that staff are enough to do relocations; and
(3) We assume relocation operation can be finished at the beginning of each stage.

Fig. 6. Daily order number probability distribution

Table 1
Kolmogorov - Smirnov (K-S) test result of Poisson distribution of pick-up orders.

Station Mean p-value Poisson distribution Station Mean p-value Poisson distribution

1 3 0.459 ✔ 16 2 0.661 ✔
2 8 0.395 ✔ 17 3 0.217 ✔
3 4 0.342 ✔ 18 4 0.32 ✔
4 3 0.972 ✔ 19 1 0.115 ✔
5 5 0.284 ✔ 20 2 0.204 ✔
6 4 0.237 ✔ 21 2 0.372 ✔
7 6 0.173 ✔ 22 1 0.564 ✔
8 4 0.352 ✔ 23 2 0.093 ✔
9 2 0.074 ✔ 24 1 0.286 ✔
10 3 0.114 ✔ 25 3 0.204 ✔
11 3 0.236 ✔ 26 2 0.106 ✔
12 2 0.434 ✔ 27 2 0.068 ✔
13 2 0.063 ✔ 28 1 0.073 ✔
14 3 0.232 ✔ 29 2 0.101 ✔
15 2 0.325 ✔ 30 3 0.116 ✔

Conclusion: X: Unsatisfied Poisson distribution; ✔: Satisfying the Poisson distribution
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Note Assumption (3) does not mean the relocations are finished instantly. Because we divide a day into four stages (see Fig. 4),
each stage in fact provides enough time for relocations. For example, as shown in Fig. 4, Stage 2 starts at 5:00 and ends at 10:00 with
a duration of 5 h. From historical data, the average rental time of this stage is about 3 h, which leaves about 2 h for relocating,
maintenance and re-charging.

3.2. Mathematical model

With above notations and assumptions, we then formulate the one-way ECS allocation problem as the following model:
Objective function
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Table 2
List of Notations in the Allocation Optimization Model.

Parameters

I set of stations
T set of stages
Oi t, number of EVs at station i at beginning of stage t before the allocation
Ni t, set of EVs at station i at the beginning of stage t, =N O{1, 2, , }i t i t, ,

i t, number of EV demand of station i at stage t

i t,
max maximum number of EV demand of station i at stage t

f ( )i t, the probability when the number of user demand is i t, for station i at stage t
b the dispatching cost per kilometre of moving an EV
si j, minimum travel distance between station i and j

i t, average rental revenue per order for station i at stage t
qi t, idle cost per order for station i at stage t
li t, loss cost per order for station i at stage t
ki number of parking spaces available for station i
Pi

t, the residual electricity of the th EV for station i at the beginning of stage t

i
t average mileage per trip for station i at stage t

average energy consumption for an EV per kilometre

i j
t
, required electricity for dispatching an EV from stations i to j at beginning of stage t

µ i t, a binary indicating station i with i t, demand is over or under supply at stage t
M an infinity

Auxiliary variables
Yi t, expected income of station i in stage t
z i t, the income of station i at stage t when the number of user demand is i t,
R i t, the rental revenue of station i at stage t when the number of EV demand is i t,
Q i t, the idle cost of station i at stage t when the number of EV demand is i t,
L i t, the loss cost of station i at stage t when the number of EV demand is i t,
Di t, the dispatching cost of station i at stage t

Intermediate variables
ci j

t
,
, a binary indicating if the th EV is dispatched from stations i to j at the beginning of stage t

Decision variables
xi t, an integer variable, number of EVs allocated at station i at the beginning of stage t
vi j

t
, an integer variable, number of EVs dispatched form stations i to j at the beginning of stage t
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In detail, the model consists of:
Objective function: Eq. (1) explains that the objective function is to maximize the overall profit, which includes two parts:

(1) Expected income: As expressed in Eq. (2), the calculation of the expected income of station i at stage t takes into account all
possible user demand. The important concept of “expected income” is an innovative way to address demand uncertainty. Es-
sentially, the income expectation of a certain demand i t, can be obtained by multiplying the income z i t, by the corresponding
probability f ( )i t, . Here, as explained in Eq. (3), the income z i t, of station i at stage t with user demand i t, is equal to the rental
revenue R i t, minus idle cost Q i t, or loss cost L i t, , where idle cost is correlated with unused EVs and loss cost is reflected by the
number of unserved users. Based on demand and supply, the income will be (R Qi t i t, , ) if the station supply is larger than
demand (i.e. over-supply < xi t i t, , ), or (R Li t i t, , ) when under-supply (i.e. xi t i t, , ). Given that demand follows the Poisson
distribution (Fig. 7(a)), the EVs pick-up procedure can be treated as a discrete stochastic process, which directly provides the
probability value for each discrete arrival (Fig. 7(b)). Therefore, the detailed calculation of expected income can be described in

Fig. 7. The framework of the expected income calculation
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Fig. 7(c), which highlights that our model considers all possible user demand and successfully addresses the demand uncertainty.

In addition, Eq. (4) explains how to calculate rental revenue. If we define i t, as the average rental revenue per order for station i
at stage t, the rental revenue R i t, will be ( ·i t i t, , ) when the station in an over-supply state, < xi t i t, , , or ( x·i t i t, , ) for under-supply,

xi t i t, , , as reflected in Eq. (4). Eq. (5) explains how to calculate idle cost Q i t, , which occurs when the allocated vehicles xi t, are
excessive for the user demand i t, , i.e. < xi t i t, , . In this situation, the redundant vehicles x( )i t i t, , are in an idle state (i.e. not been
used) during the stage t with an idle cost Q i t, generated. It should be noted that this cost is mainly because we request additional work
to reallocating these vehicles, but these vehicles do not put to use.

Eq. (6) explains how to calculate the demand loss cost L i t, , which occurs when a station has over-saturated orders, i.e. xi t i t, , . In
this situation, some orders will not be served due to insufficient vehicles. This is a potential “cost of loss” when the supply for the
vehicles is insufficient to meet the demand. As shown in Eq. (6), this cost L i t, is directly related to the inability to serve oversaturated
vehicles x( )i t i t, , . Therefore, the “cost of loss” is introduced in this research to better study the economic loss when the demand for
the ESCs is insufficient. This cost essentially includes a penalty cost beforehand and an economic loss that affects future orders. We
combine the historical data and the survey results from the staff to determine the average loss cost per order to derive a reasonable
value of unit cost li t, . The proposed optimization model aims to reduce the loss cost L i t, , which would lead to cost-efficient balance on
vehicles reallocation.

(2) Dispatching cost: The second item in Eq. (1), i.e. the dispatching cost Di t, , comes from moving and reallocating vehicles among
stations. The total dispatching cost is determined by the number of vehicles allocated out, vi j

t
, , the travel distance si j, , and the unit

dispatching cost per kilometre, b, as introduced in Eq. (7). Dispatching cost per kilometer of moving a vehicle is mainly generated
from the power consumption per kilometer during dispatching and the personnel cost.

Constrains: Four sets of constrains have been applied:

(1) Parking capacity constraint: Eq. (8) is introduces a capacity constraint to ensure that the number of vehicles at station i at the
beginning of stage t should be less than or equal to the number of parking spaces kiin station i.

(2) Assignment constraint: Eq. (9) is to ensure that each time, an EV can at most be scheduled to one station. The EV will either be
leased for users at current station (i.e. =c 0

j
i j
t
,
, ) or at one of other stations (i.e. =c 1

j
i j
t
,
, ) after allocation.

(3) EVs electricity constraint: Eq. (10) is a constraint for electricity, i.e. driving range constraint. Since our model is designed for
ECS system, driving range has to be considered when reallocating vehicles to new stations. Not only should the dispatched
vehicles have enough electricity to drive from current station to a designated station, these vehicles also need sufficient energy to
at least serve the next order. As shown in Eq. (10), ci j

t
,
, is a decision variable which indicates whether the th EV is dispatched from

station i to station j (i.e. =c 1i j
t
,
, ) or not (i.e. =c 0i j

t
,
, ) at the end of stage t. Pi

t, represents the residual electricity of the th available
vehicle at station i at the beginning of stage t, i j

t
, refers to the electricity which is expected to be consumed for an EV dispatched

from station i to station j at the end of stage t. Ni t, is set of EVs at station i at the beginning of stage t. The electricity requirements
i j
t
, in this paper is estimated by energy consumption per kilometer and travel driving range:

= +s( )i j
t

i j j
t

, , (15)

where is the average energy consumption per kilometer, si j, is the travel distance between stations i and j, and j
t is the expected

average mileage per trip at station j at stage t. , si j, , and j
t are derived from historical data. These parameters are carefully calibrated

based on the feedback from UrCar’s engineers to ensure the accuracy of this estimation. Note the similar method has been applied by
Schneider et al. (2014) and Bruglieri et al. (2015, 2018). In addition, we would like to point out that Pi

t, , defined as the residual
electricity of the th EV for station i at the beginning of stage t, is a predetermined parameter. This is because our model is a “data-
driven”, “one-stage” model, which means that at the beginning of each stage, all parameter inputs are derived from historical data,
not from the results from previous stages. Therefore, we can’t derive Pi

t, from the energy consumption from previous stages; instead,
we derive Pi

t, from historical data. As explained in Section 2, we first derived the distributions of the electricity levels (in percentage)
from historical data; then based on available EV numbers at the beginning of each stage, we estimate the exact number of EVs with
certain amount of electricity, which is the residual electricity of these vehicles, i.e. Pi

t, .

(4) Variable constraint: The number EVs at stage t dispatched from stations i to j is =
=

v c( )i j
t

O

i j
t

,
1

,
,

i t,
, as shown in Eq. (12). Based on Eq.

(12), we can calculate the total number of EVs allocated in station i at the stage t, as shown in Eq. (13), i.e. =
=

x c( )i t
j I

O

j i
t

,
1

,
,

j t,
. Note

the optimal number of vehicles allocated (i.e. xi t, ) and the number of vehicles dispatched between stations (i.e. vi j
t
, ) do include the

vehicles idling in station or vehicles returned by customers. For idling vehicle (such as th vehicle), i.e. =c 1i i
t
,
, , the dispatch cost

is 0. For returned vehicles, these vehicles will be part of the existing vehicles at the beginning of stage t, i.e. part of Oi t, . For
vehicles returned during each stage, we assume they won’t be used for another trip until next stage.

At last, Eq. (14) explains that xi t, and vi j
t
, are the non-negative integer decision variables.
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3.3. Linearization

Due to the discontinuity (e.g. Eq. (3)) of the proposed model, we have to apply heuristic methods such as Particle Swarm
Optimization (PSO) based methods to solve the proposed method, which only provides a local optimal. To search for a global optimal,
we would like to first linearize the proposed model.

Essentially, we need to eliminate the conditional functions in Eqs. (3) and (4). Therefore, we introduce an infinity M and a binary
variable µ

i t,
, where, =µ 1

i t,
when the station is over-supply and =µ 0

i t,
otherwise. With this binary variable, Eqs. (3–6) can be

linearized as the equations (16) - (19):

z l x i t( · ·( )), I, Ti t i t i t i t i t, , , , ,i t, (16)

z x q x i t( · ·( )), I, Ti t i t i t i t i t, , , , ,i t, (17)

z l x µ M i t( · ·( )) ( · ), I, Ti t i t i t i t i t, , , , ,i t i t, , (18)

z x q x µ M i t( · ·( )) (1 )· , I, Ti t i t i t i t i t, , , , ,i t i t, , (19)

With the about linearized equations (16) - (19) replacing Eqs. (3–6), the proposed model becomes a linear one:
Objective function:Eq. (1)
Subject to
Eq. (2)
Eqs. (16)–(19)
Eqs. (7)–(14)
The new model can be easily solved by some linear processing software, like CPLEX (Zakaria et al., 2014) to find global optimal

solutions.
Note, in order to comprehensively consider electricity constraint, we introduce the intermediate variables ci j

t
,
, , which is an in-

dividual vehicle level’s decision variable. With this variable, the proposed model essentially provides detailed vehicle dispatching
strategies. However, since the objective function merely maximizes overall profit, several optimal solutions (i.e. relocation strategies)
with the same maximized profit might be found. Here we present an example to help elucidate this problem (see Fig. 8). For a
simplified ECS system with only two stations (A and B), station A has three EVs (#1, #2, and #3) with the electricity levels of 25%,
65%, and 85%, respectively; and station B has only one EV (#4) with 50% of the electricity level. The electricity requirement for an
EV dispatched from stations A to B is 30%. Applying the proposed model and using the operational historical data as input (see
Fig. 8(a)), the maximum profit is $8.72. With this optimum profit, two possible scheduling strategies can be found. The first strategy
is to dispatch EV #2 from station A to station B, i.e., = =c c1, 01,2

1,2
1,2
1,3 ; and the second strategy is to dispatch EV #3 from station A to

station B, i.e., = =c c0, 11,2
1,2

1,2
1,3 . Both strategies achieve the same optimal profit. Fig. 8 presents the whole process. In our case study

(see Section 4), we will only present one of these strategies.

Fig. 8. Different optimal solutions to achieve the optimal solution of the model
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Again, we would like to point out that the proposed model is a “one-stage” and “data-driven” method. Therefore, the running of
each stage does not rely on the results from last stage; instead, the values of many parameters are derived according to the historical
data before running the model. Since our model is a “data-driven” one, data input is crucial to our model. To obtain dynamic data
input, we apply a rolling horizon approach to dynamically update data for the proposed model. As shown in Fig. 9, a set of historical
data is first used to derive all statistics, such as historical order distributions, income per order, idle cost per order, lost cost per order,
etc., which are needed for model inputs. With these inputs, the proposed model will search for an optimal reallocation strategy, and
the optimal relocation strategy will be used for EV operations for the next stage. Then new data from the current stage will join the
historical dataset and the nearest set of data will be used to derive new statistics, which will be the new inputs for the proposed model
to search for the new optimal reallocation strategy for the next stage. The rolling horizon approach is trying to help us gain a better
picture of what big data (i.e. a large amount of data) can show us, especially with new data coming, and help us derive more accurate
parameter values, which will serve as the input of our model. But this approach can’t bring us the real-time demand information. The
whole process is performed as a rolling horizon, as demonstrated in Fig. 9.

4. Case study

4.1. Testing scenarios

To demonstrate the efficiency of the proposed reallocation strategy, we conduct a case study, in which we search for the optimal
allocation plans for 14 consecutive days (from Mar. 1 to Mar. 14, 2017) based on the data from 30 stations (see Fig. 10). Parameters
for calculating income, unit loss cost and unit idle cost for all the stations are illustrated in Fig. 10. Based on station locations, we
estimate travel distances between stations and then derive unit dispatching costs and electricity consumption (see Fig. 11), which will
be the input for the proposal model. EVs’ electricity information is a crucial input for our model. Therefore, we derive the dis-
tributions of the electricity levels for each station at each stage based on historical data as demonstrated in Section 2. This in-
formation essentially tells which EVs which can be used for the next order (including allocation) based on the residual electricity this
vehicle has. For a demonstration, we present Fig. 12, which shows the electricity levels of EVs at all stations based on the data
collected during stage 4 on March 1, 2017. Fig. 13 further displays the average electricity consumption estimated for the next trip
based on historical data for all 30 stations at stage 4 on March 1, 2017.

To predict the demand arrival rate, we use the two-month’s historical data before the testing period to derive parameter (i.e.
average demand serves) of Poisson distribution, and has been updated dynamically for each stage from day to day. The average

Fig. 9. Rolling horizon approach to dynamically update data for the ECS
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demand serve is an important factor for the optimal number of vehicles at a station. However, it should be noted that the optimal
number of vehicles at a station is also affected by other multiple factors, including the expected value of income, loss cost and idle
cost, the distribution for arrivals of pick-up of each station, the total amount of vehicles, parking spaces of a station, EVs’ driving
range, etc., in a presumably non-linear manner. Therefore, simply searching neighbors of the average demand is insufficient and
overlooking the joint influence by other factors. Our proposed model aims to find this optimal value given its complexity. Table 3

Fig. 10. Initial parameters (revenue; idle cost; and loss cost) where =
w w
p p

w w
p p

l l l l
[ ]

i i

i i

i i

i i

i i i i

,1 ,2

,1 ,2

,3 ,4

,3 ,4

,1 ,2 ,3 ,4

Fig. 11. Electricity consumed between stations (kwh) & unit dispatching cost ($)
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displays estimated for each stage and number of vehicles left before reallocation for all 30 stations on March 1, 2017. Note since the
operation process is divided into four stages, we update the state and conduct vehicles reallocation directly at the beginning of these
stages.

4.2. Results

The algorithm was run in an i7 processor @ 3.4 GHz, 32.00 GB RAM computer with a Windows 10 64bit operation system. The
result of the linear optimization model for ECS is solved by IBM CPLEX Optimization Studio V12.8. Note we code everything in
MATLAB and apply the CPLEX package in MatlabR2015b. We attached our MATLAB code as appendix in our paper. The results for all
30 stations for 14 days are presented in this section.

(1) Optimal allocation number of vehicles between stations: The proposed model suggests allocation vehicle numbers among all
stations for each stage for 14 days. As shown in Fig. 14, the optimal dispatching ECS numbers of 3 randomly selected stations for
each stage show periodic fluctuations. Clearly those stations require fewer EVs at stage 1 or stage 2 and more EVs at stage 3 or
stage 4 of a day, indicating higher EVs demand at the end of day. Fig. 15 further shows the detailed dispatching assignment for
stage 4 on Mar. 14, 2017. From the figure, we can see that the proposed model mainly suggests some nearby reallocation to
minimize the reallocation cost. Note we can’t force the customer to pick-up at the specified site, nor can we force the client to
drop-off at the specified site. We can only develop a dispatching strategy based on the number of ECS vehicles currently known at
each station at the end of the previous period and the optimal ECS configurations obtained at the beginning of the period from our
algorithm. The final result shows that the total number of vehicles which have been dispatched during this stage is only 10.

Fig. 12. Distributions of EVs based on electricity level for stage 4 on March 1, 2017

Fig. 13. Average electricity consumption for all 30 stations on March 1, 2017
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Furthermore, electricity constraint has been considered in the model. As mentioned before, the solution is the optimal but might
not be the only one. We will only show one of the optimal results in this paper.

(2) Stage-to-stage profit and dispatch costs: We then investigate how costs vary at a disaggregated level. Fig. 16 presents the stage-
to-stage and day-to-day variations of the profit and dispatch costs utilizing the average values from all 30 stations. Interestingly,
the figure shows a clear periodic pattern for profit and dispatch cost. As shown in the figure, the profit and dispatch cost usually
reach the peak during stage 4, i.e. the end of a day, indicating many stations have more operation orders at the end of day. On the
other hand, the dispatch cost keeps increasing from morning to evening indicating that vehicles need more scheduling to make
more profits. Fig. 16 also verifies that the dispatching cost is a small portion compared to the profit.

(3) Statistics of profit and increase rate of profit: We further present the total rental revenue for all stations at each stage after
optimization, and the profits before and after optimization to see the profit gain. The results for each stage from March 1, 2017 to
March 14, 2017 are summarized in Table 4. As shown in the table, the average profit of the original operation plan is $123.55 at

Table 3
I » for each stage and initial EVs for all 30 stations on March 1, 2017.

Average order quantity ( i t, ) Existing EVs quantity (Oi t, )

Station Stage 1 Stage 2 Stage 3 Stage 4 Stage 1 Stage 2 Stage 3 Stage 4
S1 1 2 4 7 1 2 4 5
S2 1 1 3 4 1 1 1 1
S3 1 1 3 3 0 2 1 1
S4 1 1 4 4 1 4 3 5
S5 1 1 4 4 1 2 5 5
S6 1 2 3 4 2 3 4 5
S7 1 1 3 4 1 2 3 4
S8 1 1 2 2 1 1 1 1
S9 1 1 2 3 2 1 6 4
S10 1 2 2 3 1 4 2 4
S11 1 2 2 2 1 1 1 3
S12 1 1 2 2 1 2 3 2
S13 1 1 2 2 1 1 2 3
S14 1 1 1 1 1 1 1 1
S15 1 2 2 3 1 1 1 1
S16 1 2 2 2 1 3 2 1
S17 1 1 1 1 1 1 1 1
S18 1 1 2 2 1 1 4 3
S19 1 1 1 1 1 1 1 2
S20 1 1 2 1 1 1 1 3
S21 1 1 1 1 1 1 1 1
S22 1 1 1 1 0 1 1 1
S23 1 1 1 1 1 1 1 3
S24 1 1 1 1 1 1 1 1
S25 1 1 1 1 1 1 2 1
S26 1 1 1 1 1 1 1 2
S27 1 1 2 1 1 1 4 1
S28 1 1 1 1 1 1 1 1
S29 1 1 1 1 1 1 1 1
S30 1 1 1 1 1 2 2 2

Fig. 14. Optimal numbers of vehicles allocated among stations
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each stage, the maximum value is $179.26 (stage 4 on Mar. 12), and the minimum value is $87.61 (stage 1 on Mar. 5). After
deploying our plan, the average profit for each stage is $135.95, the maximum value is $199.17 (stage 4 on Mar. 12), and the
minimum value is $92.69 (stage 1 on Mar. 5). The average increase of profit before and after optimization is 9.48% at each stage,
with a maximum value of 32.27% and a minimum value of 0.23%. Fig. 17 further presents the stage variations using the average
values from all 30 stations.

We further present some daily averages in Table 5. As shown in the table, the average daily increase of profit before and after
optimization is 10.16% at each stage, with a maximum value of 19.05% and a minimum value of 4.35%.

4.3. Impact of number of stages

We further conduct a case study with 6 stages (see Fig. 18). We present overall profits for all three cases: one stage, four stages,
and six states, as shown in Fig. 19. The results based on fourteen days’ data show that average profits for one stage, four stages and six
stages are $526.50, $543.78, and $419.97, respectively. The results indicate that separating a day into multiple stages could bring
more profits, but too many stages could end up losing profit.

Fig. 15. Dispatching numbers of vehicles among stations

Fig. 16. The profit and dispatch costs for all 30 stations.
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Table 4
Average rental revenue ($), profits ($), cost ($) and rate of profit increase (%) for each stage.

Date Stage Rental Revenue Dispatch cost Original profit Optimized profit Increase rate of profit

1-Mar Stage1 112.68 3.75 101.99 108.93 6.81
Stage2 120.44 4 116.17 116.44 0.23
Stage3 155.92 9.08 137.51 146.84 6.79
Stage4 193.78 11.42 154.35 182.36 18.14

2-Mar Stage1 109.07 5.5 100.75 103.57 2.8
Stage2 114.98 6.92 96.88 108.06 11.54
Stage3 159.78 6.33 140.25 153.45 9.41
Stage4 181.71 11.33 134.48 170.38 26.7

3-Mar Stage1 108.91 4.83 101.39 104.08 2.66
Stage2 103.03 4.17 98.21 98.86 0.67
Stage3 128.76 5.17 122.26 123.59 1.09
Stage4 178.45 11.83 140.8 166.62 18.34

4-Mar Stage1 96.19 3.5 87.61 92.69 5.8
Stage2 100.1 2.58 93.44 97.52 4.36
Stage3 150.09 3.75 144.65 146.34 1.16
Stage4 199.04 19.5 135.74 179.54 32.27

5-Mar Stage1 96.19 3.5 87.61 92.69 5.8
Stage2 110.31 3.08 105.36 107.23 1.78
Stage3 157.48 9.42 138.92 148.06 6.57
Stage4 192.74 13 173.83 179.74 3.4

6-Mar Stage1 115.2 6.08 102.66 109.12 6.29
Stage2 112.13 3.42 107.76 108.71 0.88
Stage3 166.66 5.17 148.02 161.49 9.09
Stage4 203.49 12.17 171.93 191.32 11.28

7-Mar Stage1 117.51 8.83 102.68 108.68 5.85
Stage2 105.95 2.83 99.44 103.12 3.69
Stage3 152.33 7.58 109.69 144.75 31.96
Stage4 195.82 13.42 140.89 182.4 29.47

8-Mar Stage1 111.86 4.33 100.69 107.53 6.79
Stage2 115.76 4.67 110.71 111.09 0.34
Stage3 157.68 2.92 142.53 154.76 8.58
Stage4 198.66 10 147.34 188.66 28.04

9-Mar Stage1 108.19 4.33 99.23 103.86 4.66
Stage2 108.59 4.67 101.4 103.92 2.48
Stage3 159.66 2.83 144.76 156.83 8.34
Stage4 161.21 10.83 133.4 150.38 12.73

10-Mar Stage1 117.38 5.17 102.95 112.21 8.99
Stage2 120.61 3.83 113.71 116.78 2.7
Stage3 159.86 3.58 131.95 156.28 18.44
Stage4 166.39 17.5 125.1 148.89 19.02

11-Mar Stage1 114.62 6 100.95 108.62 7.6
Stage2 118.39 4 107.98 114.39 5.94
Stage3 155.54 10 143.78 145.54 1.23
Stage4 188.52 18.58 132.9 169.94 27.88

12-Mar Stage1 106.81 4.33 98.99 102.48 3.53
Stage2 101.6 1.17 93.66 100.43 7.24
Stage3 169.78 6.58 161.62 163.2 0.98
Stage4 205.5 6.33 179.26 199.17 11.11

13-Mar Stage1 115.82 7.25 101.38 108.57 7.1
Stage2 118.82 2.83 110.38 115.99 5.08
Stage3 171.42 9.25 129.03 162.17 25.68
Stage4 210.36 20.67 163.07 189.69 16.33

14-Mar Stage1 111.18 4.33 103.59 106.85 3.15
Stage2 119.06 3.17 111.48 115.89 3.95
Stage3 170.13 4.5 159.45 165.63 3.88
Stage4 206.77 10.17 172.21 196.6 14.17

Average 143.02 7.07 123.55 135.95 9.48

Maximum 210.36 20.67 179.26 199.17 32.27

Minimum 96.19 1.17 87.61 92.69 0.23

Median 124.69 5.17 114.94 120.19 6.68
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5. Concluding remarks

This paper tackles the reallocation problem for one-way ECS system with the objective of maximizing the total system profit. First,
based on vast amount of historical data, we find that users’ arrivals of pick-ups follow a Poisson distribution, which is consistent with
the assumption used in other literatures (Wang et al., 2019). In view of this, we adopt a discrete stochastic probability to express
orders uncertainty for the upcoming stage. In this way, we comprehensively consider all user demands to solve the ECS allocation
problem. Thus, the objective function of the optimal reallocation model is stated with an expectation formulation. The basic idea of
dispatching plan is to determine feasible vehicles moving among stations, which can be formulated as an integer programming
problem. Further considering the constraints from different penalties and driving range limit of EVs, the researched problem is
transformed into a linear optimization model, which can be solved by CPLEX. The testing results show that the proposed dispatching
strategy is able to make improvement to the total benefit comparing with the original allocation plan.

Fig. 17. Profits and rate of profit increase

Table 5
Average daily income ($), profits ($), cost ($) and rate of profit increase (%).

Statistics Income Optimized profit Dispatch cost Original profit increase rate of profit

Average 572.07 543.78 28.28 494.2 10.16
Maximum 616.42 584.97 40 546.73 19.05
Minimum 519.15 493.15 18.41 452.7 4.35
Median 574.34 538.72 28.625 493.44 9.81

Fig. 18. Six-stage division of time-of-day
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The main contribution of this paper is an efficient and effective “data-driven” approach for one-way ECS allocation problem.
Most of existing research focuses on theoretical development but lack of investigation and verification using real data and ver-
ification. We analyze a large amount of ECS data which are unique to this type of studies; and based on the findings from data
analysis, we construct our model to best resemble the dynamics as observed from the data, and to help address the complex ECS
problem with more realistic alternatives. In particular, in this data-driven approach, we introduce a concept of “expected income”,
which is estimated by obtaining all the possible demand and the EVs allocations. Many previous studies have considered the income
(e.g. Correia and Antunes, 2012, Xu et al., 2018). But different from other research, we apply the “expected income” to calculate all
the possible income. Furthermore, adding loss cost, which includes both the penalty beforehand and the economic loss that affects
future benefits, in profit calculation allows to better study the economic loss, which has been ignored in most of existing research.
This feature essentially indicates a better way to address demand uncertainty.

A few things need to be clarified in this paper. First, in this paper, the possible users demand probability was treated as a Poisson
distribution in our model. But our model does not rely on any specific distribution. The model can be used if the distribution of the
demand has been identified. Second, the EV fleet size at each stage is predetermined and directly derived from historical data, and
this number could be different at different stages. The current model does not intend to optimize the fleet size. The EVs fleet size
optimization will be a very interesting topic for our future research. Third, the travel cost in this paper is assumed as a simple function
of the travel distance. Clearly, more realistic travel cost function could be considered in our future research. Fourth, due to lack of
electricity consumption data, we propose a simplified model to consider the driving range constraint. Verifications using more data,
particularly with the availability of the direct measures of electricity consumption, become necessary. More importantly, if EVs’ SOC
data is available, we would like to investigate how to use SOC to improve our model. Recent studies (e.g. Wang et al., 2019; Xu and
Meng, 2019) have proposed models to use SOC to address ECS problem. Those studies certainly will be good references for our future
research.

In addition, due to lack of direct demand data, we could not reveal the exact relationship between demand and supply of ECS
vehicles. Deriving such information is important for ECS reallocation problem. We will leave this as one of our important future
research topics. Also, the proposed one-stage linear optimization model could generate more than one optimal solution. We can make
the results more accurate by enriching the objective function, but this work requires further analysis. Last, this research assumes that
vehicles reallocation is completed at the beginning of each stage, which makes the allocation is an independent procedure at each
stage, i.e., a one-stage problem. Modeling a truly multi-stage and dynamic dispatching strategy will be one of important future
research directions to improve the efficiency of the car-sharing system
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Fig. 19. Profits of 6-dispatch, 4-dispatch and 1-dispath

X. Huo, et al. Transportation Research Part D 78 (2020) 102192

19



Appendix. MATLAB code
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