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Abstract: As a new urban travel mode, carsharing is significantly different from private cars, buses
and other travel modes. Therefore, clarifying the typical characteristics of carsharing, such as
individual users’ attributes, travel environment and travel behaviour, is conducive to accurately
grasping the development of carsharing. In this study, a selective ensemble learning model is
established to analyse typical travel characteristics of carsharing. Firstly, personal characteristics,
environmental characteristics and behavioural characteristics were obtained through integrating
order data, global positioning system data and station information. Then, based on a consolidated
view of carsharing, different types of carsharing travel characteristics were distinguished using
selective ensemble learning. Lastly, all kinds of carsharing travel are described in detail. It was
identified through this research that carsharing travel can be divided into four kinds: long distance
for leisure and entertainment, medium and short distances for business and commuting, a mixed
category of medium and short distances for business and residence, and a mixed category of long
distance for business and residence. This study can provide a theoretical reference and practical basis
for precise planning and design and the scientific operation of carsharing.

Keywords: carsharing; travel characteristics; selective ensemble learning; Beijing

1. Introduction

With the development of the Internet and information technology, carsharing has
come into being as a green travel mode to alleviate the conflict between limited social
transportation resources and people’s ever-growing need for better travel [1,2]. Carsharing,
or so-called timeshare rental, is a self-service car rental service model where travellers can
rent cars on an hourly or daily basis [3,4]. Travellers do not need to buy a car, and they
only need pay the rent. In addition, travellers do not need to be responsible for vehicle
maintenance, parking and other problems. Moreover, travellers can better enjoy the privacy
of travel. Therefore, carsharing is favoured by many travellers. Compared with private
cars and the traditional car rentals, carsharing could improve the utilisation rate of vehicle
resources and reduce the empty–loading ratio [5,6]. Moreover, a majority of carsharing
services use electric vehicles, which have a low negative impact on the environment [7,8].
In addition, previous studies have shown that carsharing could reduce travellers’ interest in
buying a private car [9,10]. However, problems, such as poor user experience, unreasonable
station location, low cognitive levels, limited acceptance of carsharing, and citizens’ data
privacy, have resulted in the failure of the expected development status of carsharing
services [2,11], which means they have failed to achieve the expected results of alleviating
traffic congestion, reducing energy consumption and environmental pollution.

In essence, carsharing is still a form of car travel with a small carrying capacity [12],
which is contrary to the transit-oriented development model. Therefore, a better under-
standing of the impact of carsharing on the transportation system is particularly critical,
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especially with regard to the typical travel characteristics of carsharing, which can isolate
the differences between carsharing travellers and traditional travel-mode travellers.

To sum up, the objective of this paper was to examine what kind of travellers use
carsharing, clarify the typical travel characteristics of carsharing and develop a theoretical
basis and practical reference for carsharing operators and managers. Some scholars have
realised the importance of studying different carsharing travel types and conducted in-
depth studies through questionnaires [13–15]. The innovation of this paper compared
with previous studies is that we comprehensively considered the travel characteristics
of carsharing and adopted a method with a higher classification accuracy. This paper is
presented in five sections: The first section introduces the background and current research
on carsharing travel characteristics. Section 2 provides a literature review of the existing
early studies on carsharing travel. Section 3 describes the research framework, collection
and processing of essential data and the modelling of selective ensemble learning. Section 4
lists all of the analytical results of the model analysis and describes all of the types of
carsharing travellers. Finally, Section 5 concludes this study and proposes future research
recommendations.

2. Literature Review

The concept and practice of carsharing originated in Europe [16]. In the development
process of carsharing, scholars, both at home and abroad, conducted a large amount of
research on travel characteristics, influencing factors, operations management, services,
etc. [17–19]. Among them, the travel characteristics of carsharing can be divided into
three categories: personal characteristics, environmental characteristics and behavioural
characteristics.

2.1. Personal Characteristics

Scholars have carried out carsharing research on the aspects of age, gender and income.
By analysing survey data from 45 carsharing members and 76 carsharing non-members,
Seik found that the average family size of carsharing members was 4.1, 73% were married,
49% were middle-income families, and 62% had never owned a car before [20]. Shaheen et al.
found that students and low-income families preferred to use shared cars [21]. Through a
questionnaire survey, Millard evaluated the personal characteristics of carsharing travellers
and found that the average age of carsharing travellers was 37.7 years old, and the average
family size was 2.02, and most of the travellers were female (55%) [22]. Zhou analysed
the characteristics of carsharing campus travellers at the University of California, Los
Angeles (UCLA), and found that carsharing was most popular among bus commuters,
college students and female employees [23]. By collecting data from the Internet, Efthymiou
et al. built an analysis model of the willingness to use carsharing. The results showed
that carsharing was more attractive to low-income people; it appealed to people who
were currently using buses or electric vehicles to get to work or school; and Greeks aged
26–35 were more likely to use carsharing [24]. Le et al. summarised the socioeconomic
profiles of carsharing travellers as urban residents, well-educated, middle- and upper-
income, young people living alone, or small families without children [25]. By establishing
an ordered probability model, Kim et al. found that the social and economic views of
carsharing travellers were the most important factors affecting participants’ attitudes.
Moreover, attitudes were also influenced by personal characteristics such as gender, age
and income [26]. Prieto et al. studied socio-demographic factors affecting interest in
carsharing, and the results showed that socio-demographic variables played an important
role in the individual choice behaviour of carsharing travellers: highly educated, younger
males were the key factor [27].

2.2. Environmental Characteristics

Scholars have conducted in-depth studies on the relationship between shared automo-
bile order data and weather data. By analysing order data from two carsharing systems,
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Schmöller et al. found that weather was not a single dominant factor, but it was one of
many factors [28]. Through order data in Munich, Schmöller et al. found that weather
changes affected carsharing usage [29]. Scholars also investigated the relationship between
carsharing travel conditions and the environment through questionnaires. Yoon et al.
established a binomial logit model on preference for carsharing. The results of the model
showed that warm weather (e.g., 10, 20 and 30 ◦C) conditions were more conducive to
carsharing than low temperatures (e.g., 0 ◦C) conditions, which might be related to the
poor driving conditions in cold weather. In addition, when environmental conditions
were unfavourable, people preferred more private modes of travel such as carsharing [30].
Wielinski et al. also established a binomial logit model to discuss the choice behaviour of
electric and hybrid carsharing travellers. The analysis showed that driving distance had
a significant impact on the probability of using carsharing; electric shared cars were less
popular for distances of more than 24 km; cold weather reduced the probability of choosing
carsharing [31].

2.3. Behavioural Characteristics

Scholars have carried out studies on the behavioural characteristics of shared car order
data. By processing the operation data of shared cars, Morency et al. classified the travellers
of carsharing according to the changing rules of vehicle use frequency, driving distance
and weekly use [32]. Costain analysed the travel behaviour of AutoShare users and found
that trips can be divided into local trips and inter-city trips. The average annual travel
distance of local trips was 50 km, and the average annual travel distance of out-of-town
trips was 340 km. Through the categorisation of monthly, weekly and daily usage, it was
found that less than 10% of members travel more than three times a month. More than
60% of carsharing members drive less than 40 km per year [33]. Schmöller et al. used the
clustering analysis method to combine the two aspects of time and space to identify the
travel categories of carsharing with similar spatial travel patterns and found the spatial–
temporal distribution of the supply and demand of carsharing to be asymmetric [29].
Wagner et al. used the zero-expansion Poisson model to comprehensively analyse the
data set of carsharing travel in Berlin, including data about local points of interest and
demographic data, and explained the spatial variation of carsharing demand with points
of interest. The proposed prediction method can accurately predict the carsharing travel
demand in new regions [34].

From the above literature review, it can be seen that much research has been conducted
on carsharing travel characteristics and much has been discovered. However, the links
between personal, environmental and behavioural factors of travellers have been ignored.
A comprehensive description of personal, environmental and behavioural characteristics
of carsharing travel based on multi-source data has rarely been attempted, although the
research on the characteristics of carsharing travel needs to be in depth. Therefore, this
paper focused on creating a comprehensive description of carsharing travel characteristics,
which included personal, environmental and behavioural data. Based on previous research,
major factors of focus for the present study were identified as given in Table 1.

Ensemble learning refers to solving the same problem through multiple learners,
which can significantly improvements in the learning ability of the system [35]. Selective
ensemble learning involves selecting the qualified base classifier from all the base classi-
fiers through certain methods or strategies, so as to form the final ensemble system [36].
Given the multi-dimensional characteristics as well as the data-intensive characteristics of
carsharing travel and drawing on the idea of ensemble learning, a segmentation framework
of carsharing travel characteristics based on selective ensemble learning was proposed to
analyse the typical travel characteristics of carsharing and to clarify what kind of travellers
use carsharing. The flow of the overall research framework is shown in Figure 1, which
consists of the research steps of this paper.
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Table 1. Major factors in this study.

Characteristic Factor Range

Personal characteristics
Sex (Male, Female)
Age (18, 100)

Environmental characteristics

Weather conditions (Sunny, Rainy, Cloudy,
Snowy)

Air quality

(Heavy pollution, Severe
pollution, Medium

pollution, Mild pollution,
Good, Excellent)

Behavioural characteristics

Week (Monday, . . . , Sunday)
Hour (1, 24)

Travel duration (0, 500)
Travel distance (0, 500)

Travel speed (0, 300)

Land usage of origin
(Public service, Residence,

Commerce, Shopping,
Recreation, Education)

Land usage of destination
(Public service, Residence,

Commerce, Shopping,
Recreation, Education)
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Firstly, based on data, including a user registration system, order system and global
positioning system (GPS)-based vehicle monitoring system, a unified view was constructed.
Then, through unsupervised learning algorithms, a base classifier collective was generated
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for travel characteristics in each view. Moreover, high-quality base classifiers were selected
for integration. Lastly, based on the above analysis’ result, characteristics of carsharing
travellers were described.

3. Methodology
3.1. Collection and Processing of Data
3.1.1. Collection of Travel Data

X, a carsharing company, provides four types of original data about carsharing: user
order data, vehicle GPS data, vehicle information data and station information data.

X carsharing users knew X company would collect their travel information and con-
duct impersonal analyses. Informed consent was obtained from all individual participants
included in the study. Moreover, X carsharing company knew these data would be used
for scientific research.

User order data were carsharing order information including 9 sets of field information
such as origin station identity document (ID), reservation time and age of a user. One
month of user order data were available. Partial booking data are shown in Table 2.

Table 2. Partial user order data.

Origin
Station ID Reservation Time Age Sex Time of Door Open User ID Vehicle

ID
Destination
Station ID Time of Door Close

101 5 June 2016 18:58:04 31 m 5 June 2016 19:08:50 44749 288 269 5 June 2016 20:01:05
140 5 June 2016 18:59:43 26 m 5 June 2016 19:13:17 39345 125 140 5 June 2016 20:40:22
102 5 June 2016 19:00:38 22 m 5 June 2016 19:04:10 82816 137 102 5 June 2016 19:25:14
27 5 June 2016 19:01:12 21 m 5 June 2016 19:01:16 56174 313 303 5 June 2016 19:26:16
61 5 June 2016 19:04:14 31 m 5 June 2016 19:22:53 9851 103 26 5 June 2016 20:27:03
55 5 June 2016 19:04:25 23 m 5 June 2016 19:08:01 96675 207 93 5 June 2016 19:42:06
32 5 June 2016 19:05:12 28 m 5 June 2016 19:05:20 74329 147 32 5 June 2016 19:57:07
285 5 June 2016 19:05:18 20 m 5 June 2016 19:22:24 95001 21 284 5 June 2016 20:31:11
104 5 June 2016 19:05:30 25 m 5 June 2016 19:27:42 71040 82 53 5 June 2016 20:39:22
304 5 June 2016 19:09:04 21 m 5 June 2016 19:09:13 76670 129 304 5 June 2016 20:07:48

The vehicle GPS data were one month’s GPS information for of all the carsharing
vehicles in this company. The GPS information included 8 sets of field information including
code, time, vehicle identification number, longitude, latitude, charging status, electric
quantity and total mileage of the vehicle. The information was updated every 10 s. Partial
GPS data are shown in Table 3.

Table 3. Partial GPS data.

Code Time Vehicle Identification
Number 1 Longitude Latitude Charging

Status
Electric

Quantity
Total

Mileage

62522830 7 June 2016 03:18:32 ***************** 116.501 39.9945 0 46 48,680
62522918 7 June 2016 03:18:42 ***************** 116.501 39.9945 0 46.4 48,680
62523014 7 June 2016 03:18:52 ***************** 116.501 39.9945 0 46.4 48,680
62523108 7 June 2016 03:18:02 ***************** 116.501 39.9945 0 46.4 48,680
62523208 7 June 2016 03:18:12 ***************** 116.501 39.9945 0 46.4 48,680
62523287 7 June 2016 03:18:22 ***************** 116.501 39.9945 0 46.4 48,680
62523373 7 June 2016 03:18:32 ***************** 116.501 39.9945 0 46.4 48,680
62523449 7 June 2016 03:18:42 ***************** 116.501 39.9945 0 46.4 48,680
62523526 7 June 2016 03:18:52 ***************** 116.501 39.9944 0 46.4 48,680
62523614 7 June 2016 03:18:02 ***************** 116.501 39.9944 0 46.4 48,680

1 Vehicle identification numbers were anonymised to protect privacy in this paper.

The vehicle information data included the vehicle ID, license plate number and vehicle
identification number for of all the vehicles operated by this carsharing company. To protect
privacy, vehicle information data are not shown in this paper.

The station information data included the carsharing station name, station ID and
detailed station address. Partial station information is shown in Table 4.
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Table 4. Partial station information.

ID Station Name Detailed Station Address

1 SOHO Modern Park Building No. 88, Jianguo Road, Chaoyang District
2 Yangguang 100 underground parking No. 2 Guanghua Road

3 Guozong Hospital of Traditional Chinese Medicine Ground
Parking

Guangshun North Street, Wangjing West Garden District 2, Jingdian
Business Complex Building

3.1.2. Processing of Travel Data

As shown in Figure 2, through data cleaning and pre-processing of user order data,
the personal characteristics (i.e., gender and age) of each carsharing traveller were obtained
to form a personal characteristics data set. By means of data cleaning and a web crawler
on the original order data, the weather conditions and air quality data from the Chinese
meteorological network were obtained, and the corresponding time nodes were matched
so that the environmental composition (i.e., weather conditions and air quality) of each
carsharing travel event was obtained and the travel environmental characteristics data set
could be formed. Through data cleaning of the order data, vehicle GPS data and the station
data, the vehicle identification number (VIN) code matching the order data and vehicle
GPS data was used to obtain the day of the week, travel hour, travel time, travel distance
and travel speed of each carsharing travel event. Through the Baidu Map application
programming interface (API), the coordinate data of the carsharing station was obtained,
and then the land usage of the station was estimated, and the land usage of the destination
and departure locations of the carsharing journey was obtained. After this processing, the
behavioural characteristics data set was finalised.
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Through the collection and processing of data, 19,850 pieces of carsharing travel
data were obtained. Every piece of travel data contained 11 characteristics in three parts:
personal characteristics, environmental characteristics and behavioural characteristics.

3.2. Modelling of Selective Ensemble Learning
3.2.1. Construct the Base Classifier Collective

The construction methods for obtaining the base classifier could be divided into
3 types: (1) using the same data set and choosing different algorithms or choosing different
initialisation parameters for the same algorithm; (2) using the same algorithm and choosing
different sampling subsets of the data set; (3) selecting different feature subsets of the data
set or different cast shadow spaces to obtain the base classifier [37]. Of these types, the
collective quality of the base classifier obtained by method (3) was the highest. Therefore,
this paper divided the carsharing travel characteristics into several subsets (each subset
representing a view), and then base classifiers were generated, respectively.

Suppose that the travel data set was X = {x1, x2, . . . , xn}. Firstly, the travel char-
acteristics were divided into subsets, M, each subset representing a view. The different
characteristic subsets {xm}, m = 1, . . . , M of sample set X were selected as the training
set, and a cluster was generated for each training set with the purpose of obtaining the M
label vector.

This paper took an iterative algorithm for each travel characteristic training set cluster.
Firstly, the number of clusters, K, as given, and the algorithm randomly selected K points
as the initial cluster centres. According to the distance measurement, each sample was
assigned to the nearest cluster centre. Then, each cluster centre was updated iteratively
until all samples belonging to a new cluster centre were consistent with the original.

Let the data set to be clustered be X = {x1, x2, . . . , xn}, and the objective of the
algorithm was to minimise the variance criterion function, J, within the cluster. The
calculation formula of J was as follows:

J =
k

∑
j=1

∑
xi∈xj

(
dis
(
xi, µj

))2

(1)

where µj represents cluster Cj,
(
dis
(
xi, µj

))2 represents the square of the distance between
each point in the cluster and the centre of the cluster. The number of clusters, K, affects
the accuracy of the results. To obtain the optimal value of K, this paper calculated the
evaluation function [38] to determine the value of K, and then selected the tag vectors closed
within the clusters and scattered among the clusters to participate in the integration of the
base classifier. The evaluation function was calculated as follows. Firstly, the similarity
between the two samples was defined:

sim
(
xi, xj

)
= exp

(
−‖xi − xj‖2/σ2

)
(2)

where ‖xi − xj‖2 is the Euclidean distance, and σ is the scaling factor which was used
to adjust the sensitivity. Obviously, the similarity of the two sample points is [0, 1]. The
tightness of the cluster can be expressed by the average similarity among all samples
belonging to the cluster; then, the tightness of the cluster of the marker vector, π(m), can be
calculated as follows:

F
(

π(m)
)
=

k

∑
i,j=1,i<j

(
sim
(
µi, µj

))
(3)

These two measures were used as the evaluation function of the overall quality of the
clustering effect, and weight allocation should be weighed during the merger, namely:

Q
(

π(m)
)
= αN

(
π(m)

)
− (1− α)F

(
π(m)

)
(4)
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From Equation (4), it can be seen that the marker vectors which were close within the
clusters and had separate inter-cluster boundaries will have the maximum value of the
evaluation function.

In this paper, the value of the evaluation function was used as the basis for selecting
individual marker vectors for base classifier integration. That is to say, for the value, K,
between range Cmin and Cmax, the marker vector with the largest value of the evaluation
function was selected to participate in the base classifier integration.

3.2.2. Compute Base Classifier Integration

Suppose that M base classifier is used to cluster the sample set, which will obtain
a marker matrix, ∏[π(1), π(2), . . . , π(M)]. The marker vector π(m) = [π1, π1, . . . , πn]

T

(m = 1, 2, . . . , M) divides the sample set X into K clusters. πi ∈ {1, 2, . . . , k} is the cluster
label for the sample point xi. Then, the base classifier integration algorithm uses a consis-
tency function to merge the marker matrix ∏ into the final marker vector π. Base classifier
integration consists of two steps: firstly, the base classifier collective is generated, that is
to say, different individual marker vectors are generated by various base classifiers; then,
individual integration is carried out, that is to say, individual marker vectors are combined
to obtain a unified partition result.

After the base classifier collective is generated, the task of the individual integration
stage is to design a consistency function to merge multiple marker vectors and generate
unified partition results. In the individual integration stage, a selective integration strategy
based on weight is adopted [39]. The basic idea is that if the travel characteristics of a
cluster in view A are divided into different clusters in view B, the most representative
clusters are selected to participate in the integration and, vice versa, if a view B cluster is
divided into view A. Thus, the proportion of the number of the same travel characteristic
objects covered by each cluster in different views is used as the weight to evaluate the
representativeness of the cluster.

Assume that the carsharing travel characteristic are divided into views A and B, and
the travel data set is divided into p clusters and q clusters by the algorithm in Section 3.2.1.
The tag vectors are π(a) and π(b), which are represented by

{
C(a)

1 , C(a)
2 , . . . , C(a)

p

}
and{

C(b)
1 , C(b)

2 , . . . , C(b)
q

}
.

Let the number of travel objects in the cluster mark C(a)
i be Count

(
C(a)

i

)
, and the number

of the same travel objects covered by the cluster mark C(a)
i and C(b)

j be Count
(

C(a)
i ∩ C(b)

j

)
.

Then, the set of Count
(

C(a)
i ∩ C(b)

j

)
can form an overlap matrix, p× q. The i row of the

matrix represents, under view B, the distribution of the cluster C(a)
i under view A, and the

j column of the matrix represents, under view A, the distribution of the cluster C(b)
j under

view B. For each element in the overlap matrix, its weight is defined as:

θij =
Count

(
C(a)

i ∩ C(b)
j

)
min

(
Count

(
C(a)

i

)
, Count

(
C(b)

j

)) (5)

1 ≤ i ≤ p, 1 ≤ j ≤ q
The matrix is scanned by column, and the cluster which has a value that is higher than

a pre-set threshold is selected as the output result. When the M(M > 2) view is adopted,
the set of the number of the same travel objects covered by cluster markers under each
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view, Count
(

C(1)
i ∩ C(2)

j ∩ . . . ∩ C(M)
l

)
, constitutes an M dimensional hypercube. For each

grid element, its weight can be defined as:

θi,j,...,l =
Count

(
C(1)

i ∩ C(2)
j ∩ . . . ∩ C(M)

l

)
min

(
Count

(
C(1)

i

)
, Count

(
C(2)

j

)
, . . . , Count

(
C(M)

l

)) (6)

The hypercube is traversed and the clusters that have values that are higher than the
pre-set threshold (30%) are selected as the output.

3.3. Model Validation

To test the performance, the selective ensemble learning model was compared with
K-means clustering. The maximum number of iterations was set to 100, and the threshold of
the loop stop was set to 1 × 10−5. Samples of 1000, 1500, . . . , 5000 were extracted from the
total sample data, and the average results were output after 10 experiments. The evaluation
indicator of the clustering performance adopted normalized mutual information (NMI),
which is a symmetric measure that can be used to measure the shared information between
two distributions [40]. The range of the NMI was from 0 to 1, and the larger the value, the
better the clustering effect.

Assuming that U and V were the distribution of N sample labels, the entropy of the
two distributions (entropy represents the degree of uncertainty) is as follows:

H(U) =
|U|

∑
i=1

P(i) log(P(i)) (7)

H(V) =
|V|

∑
j=1

P′(j) log
(

P′(j)
)

(8)

In Formula (7), P(i) = |Ui|/N. In Formula (8), P′(j) = |Vi|/N.
Mutual information (MI) between U and V is defined as:

MI(U, V) =
|U|

∑
i=1

|V|

∑
j=1

P(i, j) log

(
P(i, j)

P(i)′P(j)

)
(9)

In Formula (9), P(i, j) =
∣∣Ui ∩Vj

∣∣/N.
Then, NMI is as follows:

NMI(U, V) =
MI(U, V)√
H(U)H(V)

(10)

Figure 3 shows the clustering accuracy of the two algorithms with the increase in the
number of samples, including K-means algorithm (the K was selected randomly as 5, 7 and
9) and selective ensemble learning in this paper. As shown in Figure 3, with the increase
in the number of samples, the clustering accuracy of the selective ensemble learning, K-
means (K = 7) and K-means (K = 9) improved to a certain extent. Meanwhile, when the
sample size was small (sample size = 2000), the clustering accuracy of K-means (K = 5)
was highest. Then, with increasing sample size, the clustering accuracy of the selective
ensemble learning method in this paper was more accurate than the K-means algorithm,
which was principally because the selective ensemble learning method was integrated after
clustering into three views of personal characteristics, environmental characteristics, and
behavioural characteristics. In addition, the K-means algorithm needs to determine the
number of clusters, K, in advance, which leads to the need to try different values of K and
much rework. But the algorithm in Section 3.2. automatically selects the number of clusters
in each view according to Formula (4) in the given K-value interval, which has certain
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advantages. Overall, the larger the sample size, the more clustering accuracy the method in
this paper and the better it is than K-means.
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4. Results and Discussion

Based on the travel clustering results from the view of personal characteristics, en-
vironmental characteristics and behavioural characteristics, an overlapping matrix was
constructed to record the number of the same objects covered by each pair of cluster
markers. Then, the corresponding weight θ of each matrix element was calculated. When
the threshold value was set as c, 16 clusters were integrated with a coverage rate of 86%.
According to the travel proportion and characteristic consistency, all the significant points
were merged, and some clusters were merged. Finally, four clusters were achieved, which
is to say that carsharing travel can be divided into four types.

4.1. Travel Characteristics of the First Type

(1) Personal characteristics: As shown in Figure 4a, in the first kind of carsharing
travel, the proportion of males was much higher than females, with males accounting for
up to 90.5%. The majority of people are middle-aged or young, with 40% aged between 30
and 35, followed by 37.1% aged between 25 and 30 and 20% aged between 35 and 40.

(2) Environmental characteristics: As shown in Figure 4b, air conditions of the first
kind of carsharing travel were good. This kind of carsharing travel was mainly on sunny
days, accounting for 72.4%, followed by cloudy days, accounting for 27.6%, and almost
none on rainy days. The air quality of the first kind of carsharing travel was good, with
69.6% being excellent or good, followed by mild pollution at 30.4%. The environmental
composition of this kind of carsharing travel differed greatly from that of the overall travel
environment, indicating that this kind of traveller intentionally chooses to use carsharing
on weekends with sunny days and good air quality, which is flexible travel.

(3) Behavioural characteristics: Figure 4c shows the temporal and spatial distribution
of the first kind of travel. In terms of time, travellers mainly travel on Saturday and Sunday,
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accounting for 29.5% and 70.5%, respectively. The travel time for the whole day was
concentrated on the periods 10:00–12:00, 16:00–18:00 and 18:00–20:00, accounting for 57.1%,
24.8% and 18.1%, respectively. The travel duration was relatively long, more than 200 min.
In terms of distance, the majority of journeys were long distance, 89.5% above 100 km,
and the remaining 10.5% at 90–100 km. The overall average speed was low; 40–50 km/h
accounted for 89.5%. The land use of origin locations was mainly residential, commercial
and retail, accounting for 41.9%, 31.4% and 21.9%, respectively. The land use of destinations
was recreational, retail and commercial, accounting for 40%, 32.4% and 21%, respectively.
In both origin and destination, the proportion of retail and commercial land use was high,
which is also related to the fact that the carsharing stations are mostly located in retail
and commercial areas. In the first kind of carsharing travel, the land use of origin had a
high proportion of residential use, while the land use of destination had a high proportion
of recreational use, so it can be inferred that this type of travel was mainly for recreation
and entertainment.
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4.2. Travel Characteristics of the Second Type

(1) Personal characteristics: As shown in Figure 5a, in the second kind of carsharing
travel, the proportion of male users was much higher than female users, with males
accounting for up to 90.4%. The majority of people were middle-aged or young, with
37.7% aged between 35 and 30, followed by 29.5% aged between 20 and 25 and 18.1% aged
between 30 and 25.

(2) Environmental characteristics: as shown in Figure 5b, weather conditions of the
second type of carsharing travel were fairly evenly distributed. Cloudy, rainy and sunny
days accounted for 46.5%, 35.9% and 17.7%, respectively. The proportions of good air
quality and mild pollution were 43.3% and 36.6%, respectively, followed by excellent air
quality, accounting for 14.0%. The environmental composition of carsharing travel was
consistent with the proportion of the overall environmental composition, indicating that
the second kind of carsharing travel was inflexible trips, which did not change according
to environmental changes and were not affected by the external environment.
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(3) Behavioural characteristics: These are depicted in Figure 5c, which show the
temporal and spatial distribution of the second kind of travel. In terms of time, users
mainly travelled on workdays, accounting for 14.5%, 15.2%, 15.5%, 14.2% and 15.1% from
Monday to Friday. The travel time was evenly distributed throughout the day. The travel
volume was high from 8:00 to 22:00, and two small peaks appeared at 12:00–14:00 and
18:00–20:00. The travel was mainly 40–120 min, accounting for 93.6%. In terms of distance,
the travel distance was mainly short and middle distance: 10–30 km accounted for 85.5%.
The overall average speed was low: 20–30 km/h accounted for 70.4%. The land use of
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origin locations were mainly retail and commercial, accounting for 76.9%, followed by
residential land at 13.7%. The land use of destination locations was also dominated by
retail and commercial, accounting for 75.6%, followed by residential land at 14.8%.

4.3. Travel Characteristics of the Third Type

(1) Personal characteristics: As shown in Figure 6a, in the third type of carsharing
travel, the proportion of male users was much higher than female users, with males
accounting for up to 90.6%. The majority of people were middle-aged or young, with
37.8% aged between 25 and 30, followed by 29.8% aged between 20 and 25 and 17.2% aged
between 30 and 35.

(2) Environmental characteristics: As shown in Figure 6b, weather conditions for the
third type of carsharing travel were fairly evenly distributed. Rainy, cloudy and sunny days
accounted for 44.0%, 38.9% and 17.0%, respectively. The proportions of good air quality
and mild pollution were 44.6% and 33.1%, respectively, followed by excellent air quality,
accounting for 13.7%. In the third kind of carsharing travel, the environmental composition
of carsharing journeys was consistent with the proportion of the overall environmental
composition, but the number of journeys on rainy days was greater, indicating that some of
the trips using this kind of carsharing travel were affected by bad weather conditions, such
as rain, causing travellers to choose carsharing, which is comfortable and convenient.
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(3) Behavioural characteristics: Figure 6c shows the temporal and spatial distribution
of the third type of travel. Similar to the second kind of carsharing travel, the third kind
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of carsharing travel was distributed evenly over the week. The travel time was evenly
distributed throughout the day, and the travel volume was high from 8:00 to 22:00 with
a small peak at 10:00–12:00. The travel duration was relatively short, mainly 20–60 min,
accounting for 92.4%. In terms of distance, the travel distance was mainly short and
middle distance, with 10–30 km accounting for 78.1%. The overall average speed was
high: 30–50 km/h accounting for 51.9%. The land use of the origin locations was mainly
retail and residential, accounting for 77.1%, followed by commercial land, which covered
13.7%. The land use of destination locations were dominated by retail and commercial use,
accounting for 75.1%.

4.4. Travel Characteristics of the Fourth Type

(1) Personal characteristics: As shown in Figure 7a, in the fourth type of carsharing
travel, the proportion of males was much higher than females with males accounting for
up to 90%. The majority of people were middle-aged or young with 84.8% aged between
20 and 35.

(2) Environmental characteristics: As shown in Figure 7b, weather conditions of the
fourth kind of carsharing travel were fairly evenly distributed. Cloudy, rainy and sunny
days accounted for 43.2%, 39.4% and 17.5%, respectively. The proportions of good air
quality and mild pollution were 55.4% and 24.2%, respectively, followed by excellent air
quality, accounting for 18.3%. In the fourth kind of carsharing travel, the environmental
composition was consistent with the proportion of the overall environmental composition,
indicating that the fourth type of carsharing travel was for inflexible trips, which were not
changed by environmental changes and were not affected by the external environment.
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(3) Behavioural characteristics: Figure 7c shows the temporal and spatial distribution
of the fourth kind of travel. In terms of time, there was a fairly even distribution of travelling
throughout the week. The time of day for travel was concentrated in the afternoon and
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evening from 14:00 to 20:00, accounting for 43.5%. The travel duration was longer, and the
proportion of more than 140 min journeys was as high as 99.5%. In terms of distance, the
journeys were mainly medium and long, with 79.9% from 30 to 70 km. The overall average
speed was relatively low: 20–30 km/h accounted for 77.3%. The land use of origin locations
were mainly residential, commercial and retail, accounting for 40.9%, 34.1% and 16.8%,
respectively. The land use of destinations were mainly retail, commercial and residential,
accounting for 39.2%, 31.3% and 19.6%, respectively. In the fourth kind of carsharing travel,
considering both origin and destination locations, the proportions of retail and commercial
land use were highest, which relates to the fact that the carsharing stations are mostly
located in retail and commercial areas.

4.5. Summary

In conclusion, the first type of carsharing travel can be summarised as follows: In
conditions of good weather and air quality, travellers started from residential areas at
10:00–12:00, 16:00–18:00 and 18:00–20:00 on Saturdays and Sundays. The travel duration
was longer than 200 min, the travel distance was longer than 100 km and the travel speed
was 40–50 km/h. Finally, travellers arrived at recreation areas. According to the environ-
mental and behavioural characteristics, the first type of carsharing travel was long-distance,
flexible travel, mainly for recreation and entertainment on weekends. Therefore, this kind
of carsharing travel could be defined as long distance for leisure and entertainment (LDLE).

The second type of carsharing travel can be summarised as follows: Regardless of the
weather and air quality conditions, travellers travelled from Monday to Friday, 8:00–22:00
(peak hours: 12:00–14:00 and 18:00–20:00) from business and commercial areas. The travel
time was 40–120 min, the travel distance was 10–30 km and the travel speed was 20 to
30 km/h. Finally, travellers arrived at retail and commercial areas. With regard to the
environmental and behavioural characteristics, the second type of carsharing travel was
inflexible travel of short and medium distances, mainly for weekday commuting and
business. Therefore, this type of carsharing travel could be defined as short and medium
distances for business commuting (MSDBC).

The third type of carsharing travel can be summarised as follows: Affected by rainy
weather, travellers travelled from commercial and residential areas at 8:00–22:00 (peak time
was 10:00–12:00) from Monday to Wednesday. The travel duration was 20–60 min, the travel
distance was 10–30 km and the travel speed was 30–50 km/h. Finally, travellers arrived
at commercial and residential areas. With regard to the environmental and behavioural
characteristics, the third kind of carsharing travel was diversified short and medium
distance travel for commuting and leisure shopping. Therefore, this kind of carsharing
travel could be defined as a mixed category of short and medium distances for business
and residence (MSDBR).

The fourth kind of carsharing travel can be summarised as follows: Regardless of
weather and air quality, travellers travelled from Monday to Tuesday at 14:00 (14:00–16:00
was the peak) from residential, retail and commercial areas. The travel duration was
up to 140 min, the distance was 30–70 km and the travel speed was 20–30 km/h. The
destinations of these travellers were residential, retail and commercial areas. With regard to
the environmental and behavioural characteristics, the fourth kind of carsharing travel was
weekday travel, primarily on Mondays and Tuesdays, which was mainly long-distance
commercial travel. Therefore, this type of carsharing travel could be defined as a mixed
category of medium and long distances for business and residence (LDBR).

To sum up, the four types of carsharing travel can be divided into long distance for
leisure and entertainment, medium and short distances for business and commuting, a
mixed category of medium and short distances for business and residence, and a mixed
category of long distance for business and residence. The four types of carsharing travel
characteristics are summarised in Table 5.
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Table 5. Summary of carsharing travel characteristics.

Characteristics

Long Distance for
Leisure and

Entertainment
(LDLE)

Medium and Short
Distances for Business

and Commuting
(MSDBC)

A Mixed Category of
Medium and Short

Distances for Business
and Residence

(MSDBR)

A Mixed Category of
Long Distance for

Business and
Residence

(LDBR)

Sex Male Male Male Male
Age 30–35 25–30 25–30 25–30

Weather Sunny Cloudy, rainy Cloudy, sunny Cloudy, rainy
Air quality Excellent, good Good, mild pollution Good, mild pollution Good, mild pollution

Week Saturday, Sunday Workday Monday–Wednesday Monday, Tuesday

Hour
10–12 (Travel) 8–22 (Travel) 8–22 (Travel) 14–20 (Travel)
16–18 (Travel) 12–14 (Peak)

10–12 (Peak) 14–16 (Peak)18–20 (Travel) 18–20 (Peak)
Travel duration (min) >200 40–120 20–60 >140
Travel distance (km) >100 10–30 10–30 30–70
Travel speed (km/h) 40–50 20–30 30–50 20–30

Land use of origins Residence Commerce, shopping Shopping, residence Residence, commerce,
shopping

Land use of
destinations Recreation Commerce, shopping Shopping, residence Residence, commerce,

shopping

In previous research, long-term carsharing users’ fastigium of single-use distance was
located in the range 1–70 km, which contained more than 80% of orders [41], which is
consistent with the research results of this paper. Meanwhile, scholars have found that the
higher frequency carsharing user groups prefer to use carsharing on weekdays. The lower
frequency carsharing user groups are more likely to use carsharing over the weekend [41].
Similarly, in this paper, carsharing travellers were also divided into travelling on workdays
and weekends (LDLE: weekends; MSDBC, MSDBR and LDBR: workdays). However,
some studies suggest that the gender ratio indicates that women are the dominant regular
customers of the Communauto carsharing service [42]. In this study, men were the main
users of carsharing in Beijing. Maybe difference results are related to the gender structure
of drivers in different cities. In general, the conclusions of this study are similar to previous
studies. But there were also some differences.

4.6. Discussion

Each travel mode has its own attributes, advantages and disadvantages when meeting
traffic demand. Travel mode attributes mainly refer to the characteristics of travel modes
when meeting the travel needs of residents such as cost, time spent, controllability of the
travel, and travellers’ perceptions (comfort, privacy, etc.). These attributes constitute the
elements of competition among travel modes when meeting travel needs. On the premise
that there are several travel modes to choose from for a travel, travellers will choose the
corresponding ideal travel mode according to their own needs.

To analyse the relationships among the four types of carsharing travel characteristics
and regular urban travel and to compare their differences, this paper took travel distance
and travel duration as examples, which are easy to collect and are objective. The data
on average travel distance and duration of regular urban travel came from the Beijing
Transport Institute [43].

Figure 8 takes the travel distance as the x-axis and the travel duration as the y-axis.
If different travel modes are in the same place, it means that they have a competitive
relationship. As shown in Figure 8, LDLE carsharing travel was competitive with taxis and
traditional car rental in terms of travel duration and distance; MSDBC carsharing travel
was competitive with subways, buses and private cars in terms of travel duration and
distance; MSDBR carsharing travel was competitive with private cars in terms of travel
distance. However, the competition between bicycles and the four types of carsharing
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was weak in terms of travel duration and distance; the competition between LDBR car-
sharing travel and regular urban travel was weak. The analysis shows that there was a
competitive relationship between carsharing and regular urban travel, but there was also
a relationship of complementary traffic composition. Previous studies have also shown
that for a large number of customers, public transport and carsharing complement each
other [44]. Thus, it is important for the sustainable development of urban transportation
systems to reasonably guide the development of carsharing and optimise the structure of
urban transportation systems.
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Through the research of this paper, the typical travel characteristics of carsharing were
clarified. These results can be applied to promote the scientific planning and design of
carsharing and to optimise the structure of urban transportation systems. For example,
from the perspective of energy conservation and environmental protection, MSDBC and
MSDBR carsharing travel should not be encouraged, because they are competing with
public transport. LDBR carsharing travel should be encouraged, because it complements
the urban transportation structure. Moreover, in some special cases, such as restricted
driving conditions and other special types, carsharing can be a good alternative travel
needs [45,46].

5. Conclusions

Determining what kinds of travellers are using carsharing is significant for the future
development of carsharing. Thus, in this study, a selective ensemble learning model
was built to analyse the typical travel characteristics of carsharing. After defining the
typical influencing factors of carsharing travel, personal characteristics, environmental
characteristics and behavioural characteristics were obtained by integrating order data,
GPS data and station information. Based on the establishment of a consolidated view of
carsharing, different types of carsharing travel characteristics were distinguished using
selective ensemble learning. Lastly, all kinds of carsharing travel were described in detail.
It was identified with this research that carsharing travel can be divided into four types:
long-distance for leisure and entertainment, medium and short distances for business and
commuting, a mixed category of medium and short distances for business and residence,
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and a mixed category of long distance for business and residence. Moreover, there is a
competitive relationship between carsharing and regular urban travel, but there was also
a relationship of complementary traffic composition. It is important for the sustainable
development of urban transportation systems to reasonably guide the development of
carsharing and to optimise the structure of urban transportation systems.

The research findings can lay a solid theoretical foundation for perfecting the theory of
carsharing travel. It can also provide a theoretical reference and a practical basis for precise
planning and design and scientific operation of carsharing. However, the limitations in this
study are that the influencing factors studied were limited, and only 11 travel characteristics
were studied. For example, personal characteristics only included sex and age. Actually,
personal characteristics are quite complex and also included occupation, income, family
structure, etc. Especially, it is demonstrated that single drivers and professional drivers
have different travel characteristics [47]. In future studies, more personal, environmental
and behavioural characteristics could be taken into consideration such as occupation and
traffic accident. Furthermore, the influencing factors and competition process of carsharing
and regular urban travel can be further studied.
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17. Turoń, K.; Kubik, A.; Chen, F. Electric shared mobility services during the pandemic: Modeling aspects of transportation. Energies
2021, 14, 2622. [CrossRef]
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