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A B S T R A C T

This study aims to explore the travel behavior of bike-sharing users in Zhongshan, China. To this end, we use

5 months of trip data, which included origin and destination locations, and pickup and return time of each used

bike in the system. To get a complete picture of the behavior, we distinguished between trips, trip chains, and

transition activities. We categorized different trip chains and constructed transition matrices between activities.

We found that almost all trips have different origin and destination stations. Two thirds of the trips are part of a

trip chain consisting of multiple trips. Although users often use another station to start their next trip, a clear

picture emerges in which public bikes are used as a single mode to hop from one destination to another, and at

the end return more or less to the same location where the trip chain was started. Moreover, based on the trip

chain matrices and transition matrices between activities, we conclude that users mainly used public bikes for

commuting, and some of users went home during lunch break, while the system was also used or after-work

shopping activities.

1. Introduction

Bike-sharing programs have increased rapidly over the past decade

(Fishman, 2016). One of the main advantages of bike-sharing programs

is convenience (Ricci, 2015; Shaheen, Guzman, & Zhang, 2010). Al-

though it is quite difficult to disentangle several effects that may be

responsible for increasing cycling rates, there is evidence that cycling

has increased in some cities (e.g. Washington DC, Lyon, Paris, and

Barcelona) after bike-sharing programs were introduced, indicating a

modal shift from other modes to the public bike (Fishman, Washington,

& Haworth, 2015; Shaheen, Zhang, Martin, & Guzman, 2011; Wang,

Kong, Xie, & Yin, 2009). Until November 2017, 2075 bike-sharing

programs are in operation around the world (Meddin & DeMaio, 2017).

Bike-sharing systems are often understood as a supplement to other

forms of public transport (DeMaio, 2009; Shaheen, Martin, Cohen, &

Finson, 2012; Wang et al., 2009). Based on a review of international

programs, this is not always the case. Zhang, Zhang, Duan, and Bryde

(2015) indicated that a significant proportion of bike-sharing users use

public bikes to complete their entire urban journey in Zhuzhou (a

medium sized Chinese city). Referring to Hangzhou's bike-sharing

system (the most successful one in China), such system also acted as a

competitor to exiting public transport (Shaheen et al., 2011). Evidence

from numerous systems has shown that much of the bike-sharing usage

has been a substitute for walking and other public transport (Bachand-

Marleau, Lee, & El-Geneidy, 2012; Bullock, Brereton, & Bailey, 2017;

Fishman, Washington, & Haworth, 2014; Martin & Shaheen, 2014;

Shaheen et al., 2011). Moreover, researchers also found that some bike-

sharing users used to cycle their own bicycles and now have shifted to

public bicycles (Castillo-Manzano, Castro-Nuño, & López-Valpuesta,

2015; O'Neil & Caulfield, 2012; Yang & Long, 2016).

Previous researches have indicated that the integrated use of public

bicycles and other public transport can be affected by the locations of

the bike-sharing stations (Jiménez, Nogal, Caulfield, & Pilla, 2016;

Zhao, Wang, & Deng, 2015) and the condition of other public transport

(Yang & Long, 2016). For example, some systems which mainly either

serve the city center (e.g. Dublin's bike-sharing stations located in the

city center) or serve the suburban areas (e.g. the system in Jiangning

district of Nanjing, China), have shown an integration with other public

transport due to users need to commute between the central and sub-

urban areas (Jiménez et al., 2016; Zhao et al., 2015). To improve the

integration of the bike-sharing system and other public transport, the

development of both systems cannot be treated separately, as cycling
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and public transport are complementary to each other (Kager, Bertolini,

& Te Brommelstroet, 2016).

Bike-sharing usage data enable researchers and planners to explore

travel behavior on a continuous, large scale, and in a non-invasive way

(Beecham & Wood, 2014). To gain insights into the characteristics and

patterns of bike-sharing trips, previous studies either focused on trip

characteristics in terms of travel speed and time (Jäppinen, Toivonen, &

Salonen, 2013; Jensen, Rouquier, Ovtracht, & Robardet, 2010) and the

usage types of bike-sharing trips (Bordagaray, Dell'Olio, Fonzone, &

Ibeas, 2016), or focused on employing visualization techniques to ex-

plore the gendered travel behavior (Beecham & Wood, 2014; Zhao

et al., 2015), spatial structure of bike-sharing trips (Zaltz Austwick,

O'Brien, Strano, & Viana, 2013) and commuting dynamics (Oliveira,

Sotomayor, Torchelsen, Silva, & Comba, 2016). Those studies can

generally be summarized as movement-based research, without con-

sidering the transition activities between consecutive trips within a trip

chain. Mining the travel behavior and patterns of bike-sharing usage

solely depending on the individual trips (i.e. origin and destination)

could be biased, as the sequence of activities also provides information

on the mobility patterns (Wu, Zhi, Sui, & Liu, 2014). Moreover, pre-

vious studies mainly emphasized the strong origin-destination pairs and

patterns, without incorporating the geographical and time information

relating to the start and end of the trips. However, the location and time

relating to the origin and destination of individual trips are essential for

understanding the travel behavior (purpose) of bike-sharing usage.

Within this context, this paper aims to explore the travel behavior of

bike-sharing users based on the information extracted from the trip data

of bike-sharing users. Moreover, the locational and time information

relating to the bike-sharing usage are considered in this study. This

study was conducted for a bike-sharing system in Zhongshan (China),

using 5 months of trip data from February 2014 to June 2014. This

paper only focuses on the weekday bike-sharing usage.

The remainder of this paper is organized as follows: Section 2 pre-

sents previous work on travel behavior of bike-sharing usage, Section 3

introduces the transport condition and bike-sharing system in the study

area, Section 4 explains the data of bike-sharing usage and methods of

this study, Section 5 presents and discusses the results, and Section 6

concludes the paper.

2. Literature review of bike-sharing usage

Numerous and various studies have investigated the travel char-

acteristics of bike-sharing users, which shed light on the usage and the

role of such systems within different urban backgrounds. Previous re-

searches can be generally classified into three categories: (1) user

survey-based studies; (2) station-based studies; and (3) trip-based stu-

dies.

2.1. User survey-based studies

User survey-based studies were done through interviews and ques-

tionnaire surveys on a sample of bike-sharing users, to understand users'

profile, perceptions and travel behavior. Referring to travel behavior,

several findings were observed. Firstly, many studies have found that

bike-sharing trips are mainly substitutes for walking and buses, rather

than for private vehicle use (Bullock et al., 2017; Murphy & Usher,

2015; O'Neil & Caulfield, 2012; Shaheen et al., 2011; Tang, Pan, &

Shen, 2011). The primary mode (walking or public transport) that is

replaced by a bike-sharing system is different in different cities. For

example, 85% of Dublin's bike-sharing users (respondents) substitute

bike-sharing for walking (54%) and public transport (31%) (O'Neil &

Caulfield, 2012). Tang et al. (2011) indicated that 22.73% and 34.42%

of Beijing's bike-sharing trips shift from walking and public buses, and

26.15% and 40.37% of Shanghai's bike-sharing trips shift from walking

and public buses respectively. About 80% of Hangzhou's bike-sharing

users (respondents) shifted from public transport to bicycle use

(Shaheen et al., 2011). Secondly, although users used public bikes for

both transport and recreational activities, the most common bike-

sharing travel purpose is work-related and school-related (Shaheen

et al., 2012; Zhang et al., 2015). Thirdly, bike-sharing systems are not

consistent in acting as a feeder mode to existing public transport. The

role of bike-sharing systems can vary between different cities. Referring

to American and European cities, Martin and Shaheen (2014) stated

that Washington DC's bike-sharing system led to a fall in public trans-

port use (bus and rail) in the dense central urban area, but increased the

public transport use in suburban areas, due to the fact that trips are

shorter and that there are more stations in the central urban area and

that bike-sharing trips can aid rail ridership in the suburban areas

where trips are longer. Fishman, Washington, Haworth, and Mazzei

(2014) found that Melbourne's system was potentially substituting for

public transit rather than connecting to it. Nikitas, Wallgren, and

Rexfelt (2016) indicated that Gothenburg bike-sharing system is a good

travel alternative to a car for inner-city trips. Jiménez et al. (2016)

suggested that Dublin's bike-sharing system, which is mainly restricted

to central urban areas, can be used as a complement to other public

transport due to many commuters arriving in the city core by other

public transport (bus, tram, train). Referring to the Chinese bike-

sharing systems, Shaheen et al. (2011) indicated that Hangzhou's bike-

sharing system, which covers the whole urban area, acted as both a

competitor and a complement to the existing public transit. For the

bike-sharing system in Jiangning district, which is a suburb area of

Nanjing, Zhao et al. (2015) indicated that many trips were connecting

with rail, and public bikes also serve as alternatives for moderate-dis-

tance trips in such areas. In the city of Zhuzhou (a medium-sized city in

China), Zhang et al. (2015) indicated that a significant proportion of

users choose public bikes to complete their entire urban trip. An im-

portant fact is that most Chinese systems provide a one-hour free of

charge time, which is enough for most single trips (Tang et al., 2011).

2.2. Station-based analyses

Station-based analyses mainly aim at exploring the usage pattern of

bike stations. Some studies have examined the patterns of usage ac-

tivities at bike stations and have classified stations into several clusters

(Jiménez et al., 2016; Kaltenbrunner, Meza, Grivolla, Codina, & Banchs,

2010; O'Neil & Caulfield, 2012; Vogel, Greiser, & Mattfeld, 2011). For

example, Vienna's bike-sharing stations are grouped into five clusters

according to the pickup and return at each station in the daily course of

working days (Vogel et al., 2011), and Dublin's bike stations are

grouped into three clusters in terms of generator stations, attractor

stations and balanced stations (Jiménez et al., 2016). Some studies have

examined the effect of surrounding built environment on the demand at

bike stations. They generally found that population and job density, the

proximity to metro and public bus stations, bike lanes and points of

interests (retail shops, restaurants, parks, etc.) are positively associated

with the demand at stations (El-Assi, Salah Mahmoud, & Nurul Habib,

2015; Faghih-Imani, Eluru, El-Geneidy, Rabbat, & Haq, 2014; Gonzalez,

Melo-Riquelme, & de Grange, 2016; Zhang, Thomas, Brussel, & van

Maarseveen, 2017a, 2017b). Moreover, station size and nearby other

bike stations within the catchment area also have effects on the demand

at stations (El-Assi et al., 2015; Faghih-Imani & Eluru, 2015; Zhang

et al., 2017a, 2017b). Additionally, slope is also a key barrier for station

usage, i.e. stations located at higher elevations lead to a redistribution

problem due to the fact that few bikes are returned to hilltops (Mateo-

Babiano, Bean, Corcoran, & Pojani, 2016).

2.3. Trip-based analyses

Trip-based analyses give a better insight into the characteristics of

individual trips, such as travel speed and duration and trip-based

movement which offers much more room for investigating the travel

behavior of bike-sharing users. Some studies analyzed the travel speed,
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time and distance of cycling trips. Jensen et al. (2010) found that public

bikes compete with the car in terms of speed in downtown Lyon, and

Jäppinen et al. (2013) found that the adoption of a bike-sharing system

can reduce about 10% of travel time by public transport in Greater

Helsinki, on average by more than 10%. Moreover, Mateo-Babiano

et al. (2016) uncovered that distinctive Brisbane's bike-sharing trips

show a clear morning and evening peak hours on weekdays and shorter

trips on weekends than weekdays.

Apart from this, other trip-based studies explored the movement of

bike-sharing trips. Studies on the movement of biking trips mainly fo-

cused on visualization techniques. The common idea of these move-

ment analyses is to weight the trips between two stations to emphasize

the strong Origin-Destination pairs and patterns. The visualization of

trajectories shows the bicycle flow over the urban area, which is often

represented by lines with a different thickness. Zaltz Austwick et al.

(2013) employed visualization techniques to explore the travel beha-

vior of bike-sharing usage in five different cities. They found that sys-

tems show similarity in the distribution of trip displacements and

durations. However, they did not incorporate information of trip time

and any land-use data of stations. Beecham and Wood (2014) proposed

an approach to visualizing the flow of London's bike-sharing trips, and

found that women tend to use public bikes at weekends and in areas

with cycle routes and/or slower traffic, while men tend to use public

bikes for commuting. Similar visual techniques were employed by Zhao

et al. (2015) who analyzed Nanjing's bike-sharing trip chain that was

divided into two major types – O-O (i.e. trip chain starts from an origin

“O” and ends at the same origin “O”) and O-D (i.e. trip chain starts from

an origin “O” and ends at the destination “D”), and uncovered that

women tend to make multiple-circle trips and spend more time on cy-

cling than men on weekdays. However, they neglect one potential

problem: the distance between the Origin station (O) of the first trip and

final destination station of the last trip (D). It is quite possible that users

want to drop off the bikes at the original station, but that such a station

is full (no parking slots) so that users have to choose a nearby station to

return the bikes. In that case, the O-D type could be the potential O-O

type. Bordagaray et al. (2016) classified bike-sharing trips into five

usage types in terms of round trips (same origin and destination), bike

substitution, and perfectly and non-perfectly symmetrical trips, using

trip data of Santander's bike-sharing system. The found that 53.9% of

trips made by registered users and 47% trips made by casual users

belong to non-classified usage types, while two predominant usage

types are round trips and perfectly symmetrical trips. Oliveira et al.

(2016) designed an interactive visualization system to explore the

commuting dynamics of New York's bike-sharing system. They mainly

aimed for exploring the station balance over time, i.e. identifying

whether the condition of station capacity is full or empty. However,

they did not consider the geographical information (e.g. points of in-

terest, land use types) relating to the start and end of the trip, which can

be beneficial to identifying the potential trip purpose.

To summarize, the existing trip-based researches mainly focused on

the characteristics of cycling movements, but neglected transition ac-

tivities within the trip chain that might be the driving force underlying

cycling movements. Moreover, few studies incorporate both locational

and time information relating to the start and end of individual trips

and trip chains. A major limitation of the operational usage data is that

they do not provide trip purpose, but bike-sharing trips vary based on

land uses (Ahillen, Mateo-Babiano, & Corcoran, 2016; Lathia, Ahmed, &

Capra, 2012; Mateo-Babiano et al., 2016). One cannot understand and

predict the travel purpose only based on the trip destination. One also

needs to know the origin of the next trip (transition from one trip to

another trip) and the time between the previous and next trip (i.e.

transition time). This study therefore explores the travel behavior of

individual bike-sharing users using trips, trip chains, and transitions

between trips. The synthesis of these three aspects provides a complete

picture of the travel behavior within the bike-sharing system.

3. Study area

3.1. Transport condition in Zhongshan, China

Zhongshan city is a prefecture-level city located in the Guangdong

province of China. With a total area of 1891.95 km2, the city houses a

population of 3.17 million (ZhongshanStatisticsBureau, 2014). As

shown in Fig. 1(A), the city government directly administers six dis-

tricts corresponding to the urban area, and eighteen towns. Moreover,

four districts, the Xi, Shiqi, Dong, and Nan districts, constitute the

“center urban area” (168.44 km2 with a population of 0.53 million)

(ZhongshanStatisticsBureau, 2014). Our study area consists of five

districts - Xi, Shiqi, Dong, Nan, and Hi-tech industrial district – with an

Fig. 1. City background. (A) Division of city area. (B) Population density distributed in

study area. (C) Housing-Job ration in study area.
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area of 238.44 km2 and a population of 0.77 million

(ZhongshanStatisticsBureau, 2014).

Fig. 1(B) and (C) show the distribution of population density and

housing-job ratio across the study area respectively. The highest po-

pulation density is in the “center urban area”, and the lowest in the Hi-

tech district. The distribution of Housing-Job ratio across TAZs

(Transport Analysis Zone) was derived from the Zhongshan Household

Travel survey in 2010.It indicates that the housing and job are quite

comparable in most TAZs.

According to the Zhongshan Household Travel survey in 2010 that

was done at the level of the TAZ, the average duration of commuting

trips is quite short (less than 20 min) in the urban area, irrespective of

Fig. 2. Modal split of commuting trips in TAZs.

Fig. 3. Spatial distribution of bike sta-

tions.
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the type of commuting trips. Fig. 2 shows the modal split (four primary

modes) in each TAZ. The share of different modes indicates that: non-

motorized > motorcycle > car > public bus. The share of the non-

motorized mode is much larger than that of the public bus. This sug-

gests that commuting by non-motorized transport was the common

lifestyle even before running the bike-sharing system, and the public

bus is not attractive to citizens neither in the inner area nor on the outer

area. In the light of commuting time and modal split, this suggests that

local people prefer to commute by walking and biking, and tend to live

close to workplaces in general.

3.2. Zhongshan's bike-sharing system

Zhongshan's bike-sharing system was launched in 2011 and is a 24/

7 self-service system. Users can pick up and return public bikes at any

station in the course of the day by use of a smart card after membership

registration. For each trip, the first hour is free, and the rest of the hours

are charged at incremental prices (1CNY per hour), which is quite a lot

cheaper than a trip by local public bus (2 CNY per trip). The system

gradually expanded over the urban area, i.e. from the central urban

area to the outer urban areas. Until June 2014, 296 bike stations,

equipped with 7855 parking slots were distributed over the urban area.

As shown in Fig. 3, 224 of these stations had been built before 2014 and

are mainly located in the “center urban area”, and 72 bike stations were

built in 2014 and are mainly located in “Torch Hi-tech Industrial De-

velopment district”.

4. Data and methods

4.1. Bike-sharing trip data

The trip data were provided by the Transport Department of the

Urban Planning and Design Institute of Zhongshan (China). The pro-

vided trip database consists of usage information from February to June

2014 (five months). Each piece of usage information (i.e. each trip)

includes user ID, pickup and return stations, start time and end time of

the trip, and trip duration. Moreover, each user ID is unique and con-

nected with the smart card. Referring to the original trip database that

records the usage of public bikes from February to June 2014, there are

1,937,265 records (i.e. trips), generated over the urban area in these

five months. Based on data screening, we excluded 6% of inaccurate

records from the original trip database, which included 5.88% of trips

that had a pickup and return at the same station with a duration of less

than 1 min, and 0.12% of trips that had a duration of less than 1 min.

Fig. 4 shows the number of trips originating from each station

during the weekday. According to the figure, the centrally located

stations show high demands, and outer stations show low demands.

Similar results are found for each period of the day (i.e. morning peak

hours (MP, 7:00–9:00 a.m.), evening peak hours (EP,

17:00–19:00 p.m.), and off peak hours (rest of hours)). However, there

are differences when we compare departures with arrivals. Over a

whole day, arrivals and departures are more or less perfectly in balance.

When we consider the individual stations there is a correlation of linear

relationship between numbers of pickups and returns. When we con-

sider the peak hours, there is more dispersion between the numbers of

pickups and returns. In some cases there may be a factor of two or more

between the two. However, we do not find a clear geographical pattern

in which there are clear morning flows in one direction and evening

flows in the opposite direction. This is quite different from other cities

(e.g. New York, Montreal (Faghih-Imani & Eluru, 2016a, 2016b)) that

show a distinctive imbalanced trip flow.

4.2. Research design

As part of the initial data exploration, we looked at the spatial

distribution of O-D bicycle flows, it has several characteristics: (1)

bicycle flows are divergent flows from/to a station; (2) there are large

numbers of short-distance flows at local scale (TAZ-level); (3) the vast

majority of lone flows are thin and crossing each other; (4) there is a

high density of stations in the central areas that generated a large

amount of trips. In short, the display of the O-D trips eclipses the pat-

terns underneath, the information about the travel patterns and the

driving force underlying the bicycle flows cannot be observed explicitly

from the current visualization of O-D bicycle flows, i.e. “when, where”

those trips occurred.

To explore the travel behavior of bike-sharing users based on the

information embedded in the trip data, we examined and synthesized

three aspects: (1) bike-sharing trips; (2) trip chains; and (3) transition

activities, i.e. transition between trips. Fig. 5 depicts a diagram of a trip

chain made by a bike-sharing user, which also incorporates the in-

formation of bike-sharing trips and transition activities. The definition

of bike-sharing trip chains, trips, and transition activities is as follows:

• A trip chain: a sequence of bike-sharing trips made by the same user

within the same day. In this study, we define 24 h (from 0:00 a.m.,

all the trips start during these period) as one day, given that the

usual daily activity falls within this time period on weekdays. Only

for 0.3% of the trip chains that have trips made during the night

• A bike-sharing trip: a complete trip where a user picks up a public

bike from a bike station (origin) and then returns the bike to the

same or another station (destination).

• Transition activities: the activity/time between two consecutive

bike-sharing trips within a trip chain. Thus, if a trip chain comprises

n number of bike-sharing trips, then there is n-1 number of transi-

tion activities within the trip chain.

To examine the patterns of bike-sharing trips, trip chains and

transition activities, we used the pickup and return time of bikes per

user. Each station was categorized by station type, indicating the main

land use type or activity in the direct vicinity of the station. These types

are residential (residential communities/buildings), commercial (e.g.

shopping malls, markets, office buildings, banks, hotels), institution

(government buildings, school/colleges, research institutions, hospitals,

etc.), recreation (parks, playgrounds, etc.) and transport (railway sta-

tions, inter-city bus stations, public bus terminals/hubs). The type of

each bike station is defined by the name and address of the bike station,

which follows the principle of site-selection of bike stations in the study

area: bike stations are usually named after the nearby residential

community, shopping mall, park, institution, etc. Such definition ap-

proach also indicates the closest place to bike station. Fig. 6 shows the

spatial distribution of bike stations with station type.

To investigate the patterns of trip chains and transition activities,

we developed a matrix providing the trips between the start and the end

of the trip chain. We call this the trip chain matrix. This matrix in-

dicates when and at which station type the first trip starts and the final

trip ends. We also constructed a transition matrix between activities to

disclose when and at which station type each user completes one trip

and starts the next trip within trip chains. The combination of trip chain

and transition activity matrices is an indication of the travel patterns

and potential travel purpose of bike-sharing usage. The creation of an

individual trip chain was conducted in Python, and the spatial and

statistical analyses were operated in ArcGIS and SPSS. The approach of

constructing matrices was inspired by Wu et al. (2014) who explored

human mobility and activity using social media check-in data.

Consequently, each matrix has 25 large cells (5 rows × 5 columns,

representing five station types), and each large cell is comprised of 576

small cells (24 rows × 24 columns, representing 24 h). The data in each

small cell represents the number of trip chains (matrix of trip chain) or

the number of transition activities (matrix of transition activities).

When visualizing the tip chain and transition matrix, we used the

Natural Breaks (Jenks) classification method to break the class of va-

lues, because this method identifies groups with similar values and
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maximizes the differences between groups.

5. Analysis and results

5.1. Types of trips, trip chains, and transition activities

For the transition activities, we firstly examined the interval time

between two consecutive trips. We removed trips with interval time

between two consecutive trips less than 5 mins (78% of these removed

transition activities were less than 1 min). Such trips (and transition

activities) are likely to be the result of technical issues (e.g. users that

are unsatisfied with the bike so they change to another one) rather than

genuine activities. Moreover, in these cases we also filtered out the rest

of trips made by the same user on the same day (7% of trips and 8% of

trip chains were removed). As a result, we obtained 1,218,244 trips,

334,101 trip chains, and 462,773 transition activities on weekdays.

Table 1 describes the classification of trip data and types of bike-

sharing trips. The classification of trip data is based on the condition

that each individual user makes either one trip per day (TypeI) or

multiple trips per day (TypeII). This lays the foundation for exploring

trip chains and transition activities. For each type of trip data, each

individual trip is classified into two categories: (1) loop trips, a trip

starts and ends at the same station; and (2) directional trips, a trip starts

from a station but ends at the other station. As shown in Table 1,

TypeIIaccounts for 65.4% of weekday trips. Moreover, compared to

loop trips, directional trips make up the vast majority of trips, for both

TypeI and TypeII. This indicates that the majority of bike-sharing trips

travelled from a station to the other station. The occurrence of loop

trips might be associated with recreational activities (physical ex-

ercises), or short-time activities (e.g. quick shopping) (Bordagaray

et al., 2016).

Based on the trip of TypeII, we can distinguish between loop and

non-loop trip chains (respectively TypeII-A and TypeII-B as illustrated

in Table 2) and between transfers at the same station (TypeII-C in

Table 3) and transfers at different stations (TypeII-D in Table 3). We

found that 51.8% of trip chains belong to loop trip chains (TypeII-A),

and 48.2% of trip chains are non-loop trip chains (TypeII-B). We also

found that the majority of transition activities (62.5%) refers to TypeII-

C and the minority of transition activity (37.5%) belongs to TypeII-D.

To further understand the occurrence of each type of trip chains and

transition activities, we investigate the usage patterns in the next sec-

tion.

5.2. Patterns of bike-sharing usage

First, we define four indicators to understand bike-sharing trips: (1)

number of trips per trip chain, Ntrip; (2) the average trip length per trip

chain, dT (Eq. (1)); (3) the average transfer distance (between station

DP and station ON) per trip chain, dD OP N (Eq. (2)); and (4) the average

distance between the destination of the final trip and the origin of the

Fig. 4. Bike-sharing trips originating from each station during the weekday.

Fig. 5. A diagram of a trip chain made by a bike-sharing user.

Y. Zhang et al. Computers, Environment and Urban Systems 69 (2018) 39–50

44



first trip per trip chain, dDF
O1. We conducted Network Analyst analysis

in ArcGIS to calculate the shortest network distance between stations

along the road network, due to such system is not equipped with GPS to

record trajectory data.
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Fig. 7 shows the relation between pairs of indicators, with each cell

representing the number of trip chains. For each single figure (Fig. 7(a),

(b), (c)), we use Jenks Natural breaks method to classify the data of

cells to identify groups with similar values and maximize the differ-

ences between groups. This was done because data points are unevenly

distributed within the data domain.

Fig. 7(a) describes the relation between the number of trips per trip

chain and the average trip length per trip chain. It illustrates that the

majority of trip chains consist of two or three trips and that the most

common trip length is less than 1800 m, irrespective of the number of

trips per trip chain. However, most trip chains with long trips beyond

3 km, only consist of two trips.

Fig. 7(b) describes the relation between the average transfer dis-

tance per trip chain and the average trip length per trip chain. This

shows that trip lengths are typically larger than transfer distances. Most

common are transfer distances below 600 m, and these distance are

rather independent of trip lengths in the chain. This suggests that public

bikes are mainly used as the single transport mode, either for short local

trips that might substitute for walking (area B), or for a long distance

trip (area C). The fact that quite a significant fraction does not transfer

to the same station, but to a nearby station, could be explained as fol-

lows: (1) station capacity (i.e. number of available bikes or parking

slots) is not enough so that users have to shift to a nearby station to pick

up or return a bike; (2) users just select one of neighboring stations

either randomly or determined by their other activities. In addition, this

also suggests that neighboring stations are complementary to each

Fig. 6. Spatial distribution of bike stations with corresponding station type.

Table 1

Types of individual bike-sharing trips (weekdays).

TypeI User makes one trip per day Percentage

Loop trips (same start/end station) 2.7%

Directional trips 31.9%

TypeI total 34.6%

TypeII Multiple trips per day Percentage

Loop trips (same start/end station) 1.8%

Directional trips 63.6%

TypeII total 65.4%

Table 2

Types of trip chains (weekdays).

Types TypeII-A TypeII-B

Loop trip chain Non-loop trip chain

Definition For each individual trip chain, the origin station of the first trip is the

same as the destination of the final trip.

For each individual trip chain, the origin station of the first trip is different from the

destination of the final trip.

Diagram

*Station O1 = Station DF

*Station O1≠ Station DF

Percentage 51.8% 48.2%
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other.

Fig. 7(c) describes the relation between the average transfer dis-

tance per chain and the distance between the first origin and final

destination per trip chain. The fact that both distance distributions are

quite comparable, and that both distances are relatively small com-

pared to trip lengths. Note that there are 109,058 trip chains for which

distance dD OP N and dD OP N are 0. This suggests that the majority of trip

chains are more or less round trip chains (area E), even if in many cases

he trip chain does not start and end at exactly the same station. Only

few trip chains can be considered as real one way trip chains (area F).

Interestingly, Fig. 7(c) shows no correlation between both distances,

indicating that transfer distances do not necessarily depending on in-

dividual preferences, but rather appear to occur randomly, possibly

depending on specific circumstances during the transfer. Finally, the

lack of data in area A of Fig. 7(b) as well as in area D of Fig. 7(c) implies

that public bikes are rarely used as a feeder mode to other public

transport in our study area.

So far, we only looked at the trip and trip chain characteristics. We

now turn our attention to the origins and destinations of the bike-

sharing trips. Fig. 8 shows the distribution of arrival times per desti-

nation station type, distinguishing between station types from which

the trips were originating. As bike-sharing trips are mostly short

(average duration is around 16 mins indicated by Zhang et al. (2017a,

2017b), departure time (h) is more or less the same as arrival time (h),

therefore we only consider the latter.

Fig. 8 clearly shows a morning peak (7–9 h) and evening peak

(17–19 h), corresponding with typical commute time. Note that TypeII

trip data also show a lunch peak for the residential destinations (pre-

sumably people that come home to have lunch). The observed patterns

of bike-sharing trips imply that the majority of bike-sharing trips might

relate to work, home, and shopping. In addition, there are a number of

trips travelling between two stations with the same type (especially the

residential), which can be explained by the fact that the residential

stations are mostly located in front of the gate of residential commu-

nities, which may contain retail shops and groceries that could be

destinations. This is a case of mixed using type of land use which cannot

be avoided.

Fig. 9 describes transition activities between two consecutive trips

within a trip chain, for TypeII-C (upper panel) and TypeII-D (lower

panel) respectively. The Y axis shows when and where each user

completed the preceding trip, and the X axis shows when and where the

user started the next trip. Each cell shows the number of transition

activities, the number of times between two consecutive trips within

trip chains. Based on Fig. 9 (e.g. see the enlargement of one panel for

more details), predominant patterns of individual transition activities

have been observed and are summarized in Table 4. These predominant

patterns suggest that users might use public bikes for going to work and

home. TypeII-C depicts a user who transfers at the same station between

Table 3

Types of transition activities (weekdays).

Types TypeII-C TypeII-D

Transfer at the same station Transfer at different stations

Definition A user ends the preceding trip at one station and starts the next trip from the

same station.

A user ends the preceding trip at one station but starts the next trip from another

station.

Diagram

*Station DP = Station ON *Station DP≠ Station ON

Percentage 62.5% 37.5%

Fig. 7. Density plot of trip chain frequency. (a) The relation between Ntrip and dT ; (b) the

relation between dDPON and dT ; (c) the relation between dDPON and dDF
O1.

Y. Zhang et al. Computers, Environment and Urban Systems 69 (2018) 39–50

46



two consecutive trips. In this situation, there are some cases showing

that users completed a trip at 5–6 p.m. and started again at the same

station, with an interval time of less than 1 h. In that case, if the station

is nearby a shopping mall, the transition activities might be attributed

to the after-work shopping, and for stations nearby institutions and

residential communities, the transition activities might be attributed to

running errands.

Fig. 10 describes the matrix of trip chains, for TypeII-A (upper

panel) and TypeII-B (lower panel) (again we enlarged one panel to

show more details). The Y-axis shows when and where each user starts

the first trip and the X-axis shows when and where the user completes

the final trip. Each cell indicates the number of trip chains within that

particular bin. The observed patterns of trip chains have been described

in Table 5. The dominant patterns imply that the majority of bike-

sharing usages might relate to commuting. Moreover, the start and end

of each individual trip chain is primarily generated at stations near

residential, commercial and institutional places, and some trip chains

only occur in a half daytime, either from morning to noon or from noon

to evening. This suggests that bike-sharing usage might only occupy

parts of the commuting activities.

6. Conclusions

In this paper, we combine analyses of individual trips, trip chains,

and the transition activities to explore the travel behavior of bike-

sharing users. We constructed the matrices of trip chains and transition

Fig. 8. Distribution function of arrival time and origin and

destination locations of individual trips.
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activities, incorporating the hourly pickup and drop-off activities and

station type, to uncover the temporal patterns and potential purpose of

bike-sharing usage.

Only a small fraction (4.5%) of overall weekday trips start and end

at the same station, which might be associated with recreational ac-

tivities (physical exercises), or short-time activities (e.g. quick shop-

ping). By far most trips are between different origin and destination

stations, and about two thirds are part of a trip chain.

Our findings suggest that transfers during trip chains are often be-

tween nearby stations, suggesting public bikes are mainly used as the

single transport mode, either for the short local movement that might

substitute for walking, or for a long distance trip. The fact that people

transfer between different stations might be related to the lack of bikes

or slots at certain stations or may simply be a coincidence as the density

of bike stations is quite high, and there are several stations to choose

from when considering a new trip. Although most trip chains don't start

and end at exactly the same station, most of those chains can be con-

sidered as round trip chains, because distances between start and end

station are in general quite small, comparable with transfer distances

between trips in the trip chains, and typically smaller than the trips

themselves. In short, public bikes are mostly used as a transport mode

by itself for relatively short distances, but in which users are quite

flexible in choosing the origin and/or destination stations for all trips in

the trip chain.

The primary patterns of bike-sharing usage can be observed from

matrices of each type of trip chains and transition activities. In general,

the findings suggest that user mainly used public bikes for commuting,

and some users went home during lunch break. Moreover, some of the

users show an after-work shopping activity.

Of course this study is not without limitation: firstly, we use station

type to uncover the potential purpose of bike-sharing usage, shile users

might come from or go to other places that are not close to the station.

Actual travel purposes can only be done by on-site surveys, which is

beyond the purpose of this study. Secondly, the period of trip chain

(now fixed between 0:00 h to 23:59 h) is in reality of flexible as some

people undertake nightly activities. However, these cases are relatively

Fig. 9. Matrices of transition activities TypeII-C (upper panel) and TypeII-D (lower panel).

Table 4

Dominant patterns of transition activity TypeII-C and TypeII-D.

Dominant pattern

(TypeII-C & TypeII-D)
• The interval time is around 9–11 h, i.e. a user arrives at 7–9 a.m. and starts again at 5–7 p.m. (area A).

• The interval time is around 3–5 h, i.e. a user arrives at 8–9 a.m. and starts again at 12 p.m. (area B), or arrives at 1–2 p.m. and starts again at

5–7 p.m. (area C).

• The interval time is 1–2 h, i.e. a user arrives at 12 p.m. and starts again at 1–2 p.m. (area D), or a user arrives at 5–6 p.m. and starts again at

5–7 p.m. (area E).
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rare, and probably would not change the general results. We therefore

believe that this study still provides a complete insight into how the

bike-sharing system is used, in terms of both trips and activities. With

reference to those methods and insights, urban planners, policy makers

and researchers can also explore the patterns of trip chains and tran-

sition activities of other systems, which could be beneficial to im-

proving the existing system.
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