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ABSTRACT

In recent years, technological innovations have led to the development
of new transport services and left a mark on the transport sector. More
subtly, today’s transport system is already being transformed. New business
models that integrate digital technology have started to appear, and new
mobility services have been introduced in many cities worldwide, such as
bike-sharing services.
A bike-sharing service features with increased convenience and flexibility. The service enables individuals to access bikes without the cost and
responsibility associated with bike ownership. By acting as a catalyst for
the use of bike-sharing service for regular commutes, leisure trips, and
errands, bike-sharing services reduce emissions and fuel usage, ease traffic
congestion, solve the first- and last- mile problem, and fulfill recommended
exercise requirements by integrating physical activity into daily life.
Besides the social, economic, and environmental benefits, bike-sharing
services also provide a way to collect traffic data passively due to its digital
integration. At present, more than 2,000 shared bike-sharing services are
operated around the world, generating large amounts of transaction and
trajectory data every day, which can reflect various aspects such as shared
bike operation status, utilization patterns, and human behavior. In light
of the passively collected data, this thesis looked at Shanghai and Zurich
as cases and empirically studied bike-sharing service development. The
main contribution of this dissertation are two-fold. First, this dissertation is
among the first to study the bike-sharing service by using passively collected
data. Second, this dissertation develops a series of methods for bike-sharing
data modeling and analysis. Specifically, the dissertation studies the bikesharing service from three perspectives. 1) It studies utilization patterns of
bike-sharing service from the aspect of bike and their underlying factors
are explored. 2) It estimates the benefits of bike-sharing services, including
environmental benefits and accessibility. 3) The bike-sharing services is
applied to study the change of human behavior in response to the lockdown
policy due to COVID-19.
For the first aspect, Shanghai’s passively collected dockless bike-sharing
trip data were used to analyze the bikes’ temporal and spatial utilization
patterns. Using a matrix decomposition method, we showed that the shared
bikes are only used in a certain area instead of the whole city. Besides, we
iii

developed a new indicator to measure the bike-sharing services’ utilization
efficiency. A geographically weighted regression (GWR) model is employed
to explore explanatory factors. The coefficients of the GWR model reveal
the spatial variations of the linkage between bike-sharing utilization and its
explanatory factors across the study area.
For the second aspect, we developed a framework to demonstrate the
environmental benefit of a bike-sharing service by leveraging discrete choice
modeling and transaction data. The discrete choice model estimates the
other alternative transportation modes’ substitution rates for each trip if
there were no bike-sharing services. Greenhouse gas (GHG) factors for
different transport modes are applied to calculate the GHG emissions.
Afterward, the GHG emission reductions are quantitatively assessed from
overall, per-trip, and spatial perspectives. Results reveal the GHG emission
reduction in Shanghai per year equals 25,378 typical gasoline vehicles.
Also, we impute the trip purpose for each bike trip and estimate the
impedance function for each trip purpose to prove the social benefits of
bike-sharing services. The accessibility can be calculated based on the
impedance function. The result shows cyclists accept a longer travel time
for leisure than for commuting.
The outbreak of the coronavirus disease 2019 (COVID-19) is an unprecedented global health crisis. Many cities have adopted a lockdown policy.
In this situation, we compared the travel behavior between the Normal period and the Lockdown period by using the micro-mobility data in Zurich,
Switzerland. Results show that the number of trips decreases remarkably
in the Lockdown period. The decreases mainly concentrate at peak hours
and in central areas that have lots of commercial shops. Compared with the
Normal period, the trip distance and trip duration in the Lockdown period
increases. A possible explanation is that people replace public transport
modes with bike-sharing services for longer-distance travel. We also compared them from a semantic aspect. The result shows that citizens decrease
the share of in-door activities and increase the share of outdoor activities.
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Z U S A M M E N FA S S U N G

In den vergangenen Jahren haben diverse Innovationen zur Entwicklung
neuer Mobilitätsdienste geführt. Neue, digitale Geschäftsmodelle begleiten
diese Veränderung. So wurden neue Mobilitätsdienste wie z.B. Bike-Sharing
bereits in vielen Städten weltweit eingeführt.
Ein Bike-Sharing-Service zeichnet sich durch erhöhten Komfort und Flexibilität aus. Er ermöglicht es Einzelpersonen auf Fahrräder zuzugreifen,
ohne die Kosten und die Verantwortung, die mit dem Besitz eines Fahrrads
verbunden sind, zu tragen. Als Katalysator für die Nutzung von Fahrrädern
für regelmässige Pendelfahrten, Freizeitfahrten und Besorgungen, reduzieren Bikesharing-Dienste Emissionen und Kraftstoffverbrauch, entlasten den
Verkehr, tragen zur Lösung des Problems der ersten und letzten Meile bei,
sowie zur Steigerung der körperliche Fitness.
Neben den sozialen, ökonomischen und ökologischen Vorteilen, bieten Bike-Sharing-Dienste aufgrund ihrer digitalen Schnittstellen auch eine
Möglichkeit, passiv Verkehrsdaten zu sammeln. Derzeit werden weltweit
mehr als 2.000 Bike-Sharing-Dienste betrieben, die täglich grosse Mengen an Transaktions- und Trajektoriendaten über verschiedenste Aspekte
wie den Betriebsstatus der Fahrräder und Nutzungsmuster generieren.
In dieser Arbeit wurden die Städte Shanghai und Zürich als Fallstudien
genutzt, um die Entwicklung von Bike-Sharing-Diensten empirisch zu untersuchen. Diese Arbeit leistet Beiträge durch die Untersuchung von drei
Teilaspekten: 1) das Nutzungsverhalten von Bike-Sharing-Diensten und den
zugrundeliegenden Faktoren; 2) die ökologischen und sozialen Vorteile von
Bike-Sharing-Diensten; 3) die Veränderung der Nachfrage durch COVID-19.
Für den ersten Aspekt wurden die passiv gesammelten Fahrdaten von
‘dockless’ Bike-Sharing-Diensten in Shanghai verwendet, um zeitliche und
räumliche Nutzungsmuster zu analysieren. Mit Hilfe einer Matrix-Zerlegung
smethode zeigen wir, dass die Fahrräder nur in einem bestimmten Gebiet
und nicht in der gesamten Stadt genutzt werden. Wir entwickeln einen
neuen Indikator zur Messung der Nutzungseffizienz von Bike-SharingDiensten. Ein geographisch gewichtetes Regressionsmodell (GWR) wird
genutzt, um die Nachfrage zu erklären. Die Koeffizienten des GWR-Modells
zeigen die räumlichen Variationen des Zusammenhangs zwischen der BikeSharing-Nutzung und ihren erklärenden Faktoren auf.
v

Für den zweiten Aspekt haben wir ein Framework entwickelt, das Entscheidungsmodellierung und Transaktionsdaten nutzt, um den Umweltnutzen eines Bike-Sharing-Dienstes zu zeigen. Das Entscheidungsmodell
schätzt die Substitutionsraten der alternativen Verkehrsmittel für jede Fahrt,
für den Fall, dass es kein Bike-Sharing-Angebot gibt. Zur Berechnung der
Emissionen werden Treibhausgasfaktoren für die verschiedenen Verkehrsmittel verwendet. Anschliessend werden die Emissionsreduktionen aus
der Gesamt-, der Pro-Fahrt- und der räumlichen Perspektive quantitativ
bewertet. Die Ergebnisse zeigen, dass die Emissionsreduktion in Shanghai
pro Jahr 25.378 durchschnittlichen Fahrzeugen mit Benzinmotor entspricht.
Darüber hinaus wird der Fahrtzweck für jede Fahrt sowie die ‘Impedanzfunktion’ für jeden Fahrtzweck geschätzt, um den sozialen Nutzen von
Bike-Sharing-Diensten zu zeigen. Die Erreichbarkeit kann auf Basis der Impedanzfunktion berechnet werden. Das Ergebnis zeigt, dass Radfahrer für
die Freizeit eine längere Reisezeit in Kauf nehmen als für den Arbeitsweg.
Der Ausbruch des Coronavirus (COVID-19) ist eine nie dagewesene globale Gesundheitskrise. Viele Städte haben eine ‘Lockdown-Policy’ eingeführt.
In dieser Situation haben wir das Reiseverhalten zwischen der ‘normalen Zeit’ und der ‘Lockdown Zeit’ mit Hilfe von Mikromobilitätsdaten in
Zürich verglichen. Die Ergebnisse zeigen, dass die Anzahl der Fahrten in
der Lockdown Zeit deutlich abnimmt. Die Rückgänge konzentrieren sich
überwiegend auf die Hauptverkehrszeiten und auf zentrale Bereiche mit
vielen Geschäften. Verglichen mit der normalen Zeit nehmen die Fahrtdauer
und die Fahrtdistanz in der Lockdown Zeit zu. Eine mögliche Erklärung
ist, dass Menschen für längere Strecken öffentliche Verkehrsmittel durch
Bike-Sharing-Dienste ersetzen. Wir untersuchen darüber hinaus semantische Aspekte von Bike-Sharing-Fahrten. Das Ergebnis zeigt, dass der Anteil
der Aktivitäten in Innenräumen verringert und der Anteil der Aktivitäten
im Freien erhöht wird.
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INTRODUCTION

1.1

motivation

In recent years, the transport sector has seen a number of promising innovations. Due to the development of digital technologies, new business models
and services have appeared. Besides, propelled by the global trends of the
sharing economy and societal and political aspirations (Shaheen et al., 2010),
bike-sharing services (BSS) have been steadily developing in the last decade
as a means of sustainable transport mode (Fishman, 2015).
The concept of bike-sharing first emerged in the 1960s and attracted much
interest in European cities. Generally, the evolution of BSS could be divided
into four generations, according to their operation and adopted technologies
(Fishman, 2015; Ma et al., 2020b). The White Bicycle Plan (Wittefietsenplan)
is regarded as the first generation. In 1965, the service was launched in
Amsterdam. The organizers placed fifty bikes and left them unlocked so
everyone could use them freely. However, most of the bikes were stolen
within a month as there were no protection functions for these bikes. From
1991, some second-generation bike-sharing services were implemented in
many cities, such as Farsø and Nakskov. The first large second-generation
bike-sharing service was launched in Copenhagen in 1995, with 300 bikes.
Compared to the previous generation, these bikes were designed to be
picked up and returned at specific locations throughout the central city
with a coin deposit. However, the service also experienced theft and failed
quickly due to the anonymity of passengers and the damages they caused
(Demaio, 2009).
Thanks to emerging technologies, the third- and fourth-generation bikesharing service can track the users and the bikes to reduce losses (Shaheen
et al., 2013). The third-generation bike-sharing service is characterized by
dedicated docking stations. The passengers can only pick up from and
return bikes to these docking stations. The users are identified by their
membership, smart card, or other methods. Credit card is generally used as
the payment method and also guarantees the security of the bikes (Fishman,
2015). Compared with the third generation, the most recent generation
of bike-sharing service integrates all the necessary steps (i.e., locking, unlocking, locating, and payment) by a smart mobile phone application. The
1
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cyclist can pick-up and return the bike almost everywhere in the city (Chen
et al., 2020c). The fleet size of a dockless bike-sharing system is not constrained by the capacity of docking stations anymore. Depending on the
docking stations, the third- and fourth-generation bike-sharing are also
called dockless and docked BSS.
In the last decades, the bike-sharing service has been spreading rapidly
and gained much popularity around the world. More than 400 cities have
currently implemented several bike-sharing services worldwide, which are
either dockless or docked. The bike-sharing service has been regarded as an
economical, flexible, convenient, and sustainable travel mode. By replacing
automobile mode of transport, such as taxi and private vehicle, bike-sharing
services can reduce emissions and ease traffic congestion. In addition, the
bike-sharing service has been thought of as a complement to the existing
public transportation systems. It enables smooth door-to-door service by
itself or by serving as access or egress of public transport, increasing the
catchment areas of subway and railway transit stations (Brand et al., 2017;
Zuo et al., 2018).
Furthermore, by adopting these newly developed technologies, the bikessharing service can easily collect large amounts of data (e.g., booking data,
trajectory data, etc.) with a low cost. Compared with traditional survey
data, these data has high spatio-temporal resolution and can cover the
entire population, which can reflect various information, including human
mobility and utilization patterns (Shaheen et al., 2013). In recent years,
this type of data collected from other transport modes have been applied
for a variety of research questions, becoming an essential data source to
understand our city (Zheng et al., 2014a; Xu et al., 2017; Bao et al., 2017a;
Zhao et al., 2017; Yu et al., 2017).
Motivated by the development of bike-sharing service and the advantages
of passively collected data, this thesis aims to analyze the bike-sharing
services’ utilization patterns, benefits, and its application in human behavior.
Guided by this aim, we have four objectives listed as below:
1. Reveal the utilization pattern of dockless bike-sharing service and
its explanatory factors, which are essential for urban planners and
operators to improve the bikes’ utilization and turnover.
2. Assess the environmental benefits of a bike-sharing service at the trip
level by integrating choice modeling theory and empirical model.
3. Estimate the distance decay function of bike-shared trips and measure
the accessibility of a bike-sharing system for different trip purposes.

1.2 outline and research

4. Explore how the passenger behavior changes in response to the lockdown policy due to COVID-19.
1.2

outline and research

In this thesis, we analyze the bike-sharing service from three aspects. In
the first part, the utilization patterns of a dockless bike-sharing system and
related explanatory factors are explored (Chapter 2). In the second part, the
benefit of bike-sharing sharing services is analyzed from two perspectives,
the environmental benefits (Chapter 3) and accessibility (Chapter 4). In
the third part, bike-sharing service changing in response to a big event is
explored (5).
1.2.1

The utilization and its explanatory factors of a BSS

The adoption and prevalence of bike-sharing services bring social and environmental benefits. However, the BSS can still cause trouble for the city due
to the mismatch between supply and demand. For instance, bikes located
in downtown areas of a city may be used frequently, while other bikes
located in the suburbs might not be used. Also, infrequently used bikes
will occupy urban space and probably block the road of other transport
service (like walking), especially with dockless bikes. Moreover, more and
more cities are introducing bike-sharing services. Therefore, it is necessary
to recognize BSS utilization patterns and their explanatory factors, which
can help to adopt measures for improving the performance and usage
efficiency of existing BSSs. In this part, we answered three questions. (1)
Whether a bike serves the whole city or only a specific area? (2) How to
measure the BSS utilization efficiency? (3) How do the built environment
and social-demographic factors influence bike-sharing services’ utilization
efficiency?
1.2.2

The benefits of a dockless bike-sharing system

The bike-sharing service is thought of as an environmentally friendly transport mode. However, the quantitative assessment approach and empirical
analysis concerning the environmental impacts of DLBS at the trip level are
missing in the relevant literature. The thesis proposed a novel framework for
accessing the environmental benefits using trip-specific mode substitution
estimates and real transaction data. In this framework, a routing technique
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is used to obtain the detailed characteristics of other alternative transport
modes in the real transport network for the same origin and destination at
the same moment of the same bike shared trip. A discrete choice model
estimates the substitute rates of other transport modes. Afterwards, the
greenhouse gases (GHG) emission reductions due to BSS are quantitatively
assessed from overall, per-trip, and spatial perspectives.
Moreover, this thesis also proposed a method to estimate bicycle accessibility for various trip purposes. Since the bike-sharing data are passively
collected, containing no context information, we introduced a Dirichlet
multinomial regression topic model (DMR model) to identify the trip purpose for each bike-shared trip. Then, we estimate the impedance function
for each trip purpose. Finally, the accessibility maps for two trip purposes
in Shanghai are presented.
1.2.3

The behavior changes of bike-sharing service in big event context

In 2019, the coronavirus disease 2019 (COVID-19) broke out, generating an
unprecedented global health crisis. Due to the pandemic, many countries
have adopted the lockdown policy to avoid the spread of the pandemic,
such as China, Italy, Switzerland, etc. This policy has influenced people’s
travel behavior as well as habits and customs. To some degree, the bikesharing service does reflect citizens’ behavior and will be influenced by the
pandemic. This opportunity provides a chance to understand how BSS are
changed by such a big event, which could also provide a chance to enhance
the effective scheduling of bikes during the pandemic period. In this part,
we compared three kinds of BSSs and observed their changes from four
aspects, i.e., spatial, temporal, network interaction, and the share of trip
purposes.
1.3

organization

The overall methodologies adopted in this research and the corresponding findings are presented in the remainder of this dissertation. Chapter
2 captures utilization patterns by introducing a non-negative matrix and
explores the explanatory factors of bike utilization efficiency using geographically weighted regression models. Chapter 3 develops a new method
by introducing a choice modeling method to measure a bike-sharing service’s environmental benefits. Chapter 4 uses a topic model to impute the
trip purpose of the shared bike trips and then measure the accessibility of
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shared bikes for different trip purposes. Chapter 5 explores and analyzes
micro-mobility behavior changes before and during the Lockdown period.
Chapter 6 concludes the dissertation and proposes future open questions.
These are all original work and first authored by the doctoral candidate. A
list of the relevant papers is provided below.
articles in peer-reviewed journals
1. Li, A., P. Zhao, Y. Huang, K. Gao, and K. W. Axhausen (2020) An
empirical analysis of dockless bike-sharing utilization and its explanatory factors: Case study from Shanghai, China, Journal of Transport
Geography, 88 (102828).
2. Li, A., Y. Huang, and K. W. Axhausen (2020) An approach to imputing
destination activities for inclusion in measures of bicycle accessibility,
Journal of Transport Geography, 82 (102566).
3. Li, A., K. Gao, P. Zhao, X. Qu, and K. W. Axhausen (2020) Highresolution assessment of environmental benefits of dockless bikesharing systems based on transaction data, Journal of Cleaner Production,
296 (126432).
4. Li, A., P. Zhao, H. He, A. Mansourian, and K. W. Axhausen (2020)
How did micro-mobility change in response to COVID-19 pandemic?
A case study based on spatialtemporal-semantic analytics, Computers,
Environment and Urban Systems, Underreview.
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Li, A., P. Zhao, Y. Huang, K. Gao, and K. W. Axhausen (2020) An empirical
analysis of dockless bike-sharing utilization and its explanatory factors:
Case study from Shanghai, China, Journal of Transport Geography, 88 (102828).
2.1

introduction

Bike-sharing, as one of the environmentally friendly and active transport
modes, has received notable attention, as it has been shown to be effective
in relieving traffic congestion, mitigating transport-related emissions, and
improving public health (Wang and Zhou, 2017; Otero et al., 2018; Zhang
and Mi, 2018; Barbour et al., 2019). Currently, more than 2000 bike-sharing
systems (BSS) are operated in the world due to these advantages 1 , which
can be divided into docked and dockless systems. Compared with docked
bike-sharing systems that require users to pick up bikes from designated
docking stations and drop off bikes at docking stations with available
lockers, dockless bike-sharing systems are more flexible, which allow bikes
to be picked up and dropped off in any places with available parking space
(Mooney et al., 2019). In addition, the fleet size of a dockless bike-sharing
system is not constrained by the capacity of docking stations anymore.
Dockless systems have evolved as the newest generation of bike-sharing
systems due to their convenience, which gained much popularity and were
widely accepted (Fishman, 2015; Chen et al., 2020d).
Although the adoption and prevalence of bike-sharing systems bring social
and environmental benefits, the unbalanced usage of bike-sharing raises
concerns. For instance, bikes located in downtown areas of a city may be
used frequently, while some other bikes located in the suburbs might not be
used at all. This phenomenon is especially prevalent in metropolitan cities
owing to inappropriate allocations of bikes and other factors. Additionally,
infrequently used bikes will occupy urban space and probably mess up
cities, especially with dockless bikes. Moreover, with the booming of bikesharing systems, there is a need to understand what factors influence the
unbalanced patterns and their strength. Understanding how those factors
1 http://www.bikesharingworld.com
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impact the usage of bike-sharing could provide policy-making support and
reference for determining the allocation of bikes. Considering that dockless
bike-sharing systems provide more freedom with users to choose origins
and destinations of their travels, the utilization patterns and influence factors could be different from those of docked bike-sharing systems. Besides,
little attention has been paid to the utilization of dockless bike-sharing
systems compared with docked bike-sharing systems. Therefore, it is necessary to recognize those dockless bike-sharing usage pattern and their
explanatory factors, which can help to adopt measures for improving the
performance and usage efficiency of existing dockless bike-sharing systems.
In recent years, the explosive growth of GPS datasets from bike-sharing
systems has stimulated a number of studies in transportation and urban
planning, such as on bike-sharing ridership (Rixey, 2013; Wang and Akar,
2019; Yang et al., 2020), bike-sharing demand prediction (El-Assi et al., 2017;
Lin et al., 2018; Hua et al., 2020), facility planning for bike-sharing services
(Özceylan et al., 2017; Mete et al., 2018; Zhang et al., 2019b),bike accessibility
(Li et al., 2020a), bike-sharing usage patterns (Faghih-Imani et al., 2017b;
Guo et al., 2017; Barbour et al., 2019; Xu et al., 2019). Although several
studies have explored dockless bike-sharing usages with GPS-based bike
data, little attention has been paid to dockless bike-sharing utilization from
the perspective of bikes. Previous studies focus on describing bike-sharing
usage from the perspective of users, such as bike-sharing ridership, trip
demand, riding duration or distance, arrival and departure rates, usage
frequency and so on. The knowledge of whether bikes are utilized efficiently
and what factors influence bikes’ utilization efficiency is limited.
In this paper, the bike-sharing data collected in Shanghai, China is used to
investigate the dockless bike-sharing utilization and its influence factors.
Our specific research questions are as follows: (1) How do the bike-sharing
utilization patterns change in different urban areas? Theoretically, all the
shared bikes should be utilized across the whole city. (2) How is the bikesharing utilization influenced by built environment and social-demographic
factors? To solve these problems, we conduct data processing to identify
the start and end locations of the trips for each bike, from which the service
areas of all bikes are detected with the non-negative matrix factorization
method. Second, an indicator called stop duration (SDR) is proposed to
quantify the utilization of bike-sharing at the sub-region level. Finally,
ordinary least squares regression (OLS) and geographically weighted regression (GWR) models are utilized to examine the relationships between
the bike-sharing utilization and the selected variables.

2.2 background

The paper is organized as follows. Section 2.2 presents a literature review
on bike-sharing patterns and bike-sharing analysis. Section 2.3 introduces
the study area and data of this chapter and elaborates the methodology,
including bike service areas detection, geographically weighted regression
and the explanatory variables. Section 2.4 presents the results. Discussions
and conclusions are provided in Section 2.5.
2.2

background

In this section, we review some of the relevant research on bike-sharing
usage and its explanatory factors. A review of the literature shows that
bike-sharing usage studies can be divided into two main categories based
on the usage data sources. The first type contains bike-sharing system
state data via a web crawler or other means to capture related information
from the websites. For instance, Hampshire and Marla (2012) collected
bike-sharing usage data by capturing bike-sharing system state snapshot
data via the websites. A panel regression model was used to understand
the factors influencing bike-sharing usage. The results indicated that the
number of bike stations, population density, and labor market size are
important factors. The study by Faghih-Imani et al. (2014) investigated
how meteorological data, temporal characteristics, bike infrastructure, land
use, and built environment attributes affect bike-sharing usage flows using
minute-by-minute bike availability data for all stations in service. They
reported that restaurants, commercial enterprises and universities nearby a
station have a significant influence on the arrival and departure rates of the
station. Wang et al. (2016) examined the effects of nearby businesses and jobs
on trips to and from stations using the number of trips at the station level.
It is revealed that the factors, including neighborhood socio-demographics,
proximity to the central business district, proximity to other bike-sharing
stations, are associated with bike-sharing usage activity. Faghih-Imani et al.
(2017b) conducted an empirical analysis of bike-sharing usage and rebalancing with station-level occupancy snapshot data from two cities, which
are transformed into customer arrivals and departures at the station level.
The influence of bike infrastructure, socio-demographic characteristics and
land-use characteristics on bike-sharing usage was explored by developing
a mixed linear model. The results showed that bike infrastructure attributes
and land-use characteristics are of importance for bike usage. Caulfield
et al. (2017) examined the usage patterns of a bike-sharing scheme with the
data from a medium-sized city. The results show that short and frequent
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trips account for the majority of the trips in the scheme. Yang et al. (2019)
analyzed the impact of metro service on the dockless bike-sharing patterns
from dockless bike availability data with geostatistical analysis and graphbased approach. The results are beneficial to understanding how the new
metro service boosted nearby bike demand, thereby supporting spatially
detailed urban and transport planning.
In recent years, with the emergence of the new dockless bike-sharing programs that integrate mobile payment and GPS tracking techniques, it is
convenient to record the locations and moving trajectories of bikes. These
bike trajectory data allow us to analyze bike-sharing usage via spatiotemporal distribution of bikes and gradually become more prevalent. For
instance, Shen et al. (2018) uncovered the spatio-temporal patterns of bike
usage with the GPS data of dockless bikes in Singapore. Especially, the
impacts of bike fleet size, surrounding built environment, access to public
transportation, bike infrastructure, and weather conditions were examined
using spatial autoregressive models. The findings showed that high land
use mixtures, easy access to public transportation, more supportive cycling
facilities, and free-ride promotions are positively related to the usage of
dockless bikes. Du et al. (2019) developed a model framework to explore the
spatio-temporal usage patterns of free-floating shared bikes using massive
GPS data produced by the bike-sharing system. They found that residential
area, park and green area, and population size have the largest influence
on the usage frequency. Zhang et al. (2019a) proposed the concept of biking
islands that are defined as geographical areas of interest with a high concentration of bike usage, and a framework to identify them with bike trajectory
data. This study can help understand the travel behavior of cyclists and the
urban structures used for cycling. The study by Ji et al. (2020) performed
a comparison of usage regularity and its determinants between docked
and dockless bike-sharing systems using the smart card data of a docked
bike-sharing system and GPS trajectory data of a dockless bike-sharing system in Nanjing, China. By analyzing the influence of travel characteristics
and built environment factors on the regularity of bike-sharing usage, the
results provide insights on improving the service of bike-sharing systems
to operators and governments.
There are also several studies identifying the factors affecting bike-sharing
usage with questionnaire data. For example, Bachand-Marleau et al. (2012)
examined the factors influencing likelihood of using shared bike systems
and frequency of use by conducting a survey in Montreal, Canada. The
proximity of home to docking stations was found to have the most sub-
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stantial effect on the the likelihood for use of shared bike systems. Guo
et al. (2017) explored the factors influencing bike-sharing usage among the
bike-sharing user population by collecting a questionnaire survey data in
Ningbo, China. A bivariate ordered probit model was developed to examine
the associations between bike-sharing usage and the selected factors. It is
found that gender, household bike ownership, travel time, bike-sharing
station location have a significant influence on bike-sharing usage. Barbour
et al. (2019) conducted a statistical analysis of bike-sharing usage by collecting data on the bike-sharing usage of registered bike-sharing users with a
web-based survey. Gender, age, income, household size, commute type and
length, and vehicle ownership have substantial influence on bike-sharing
usage.
Despite this large body of literature on bike-sharing usage, most of the
aforementioned studies, however, are concentrated on the bike-sharing
usage from the perspective of bike users. This chapter intends to investigate dockless bike-sharing utilization and its explanatory factors from
the perspective of bikes. In particular, time to booking is used to explore
bike-sharing utilization patterns in this chapter. Moreover, GWR models
are employed to examine the spatial non-stationarity of the relationship
between bike-sharing utilization and the influence factors.
2.3
2.3.1

methodology
Study area and data description

Shanghai is one of the largest cities in China and the world, with a population of 24.24 million and an area of 6341 km2 . Shanghai’s GDP is 3.268
trillion Chinese Yuan in 2018, accounting for 6.6% of China’s total GDP.
As one of the largest bike-sharing markets in the world, Shanghai has 1.5
million dockless bikes in July 2017. In this paper, the whole city is divided
into sub-regions (SR) according to neighborhoods, which are also the basic
units of the sixth nationwide population census. We select the sub-regions
that are within or intersected by the outer ring road as the study area,
containing 133 sub-regions. The study area totally or partly contains 11
districts, including Pudong, Baoshan, Huangpu, Jiading, Xuhui, Putuo,
Minhang, Yangpu, Changning, Hongkou, Jingan districts. Huangpu River,
the largest river in Shanghai, divides the study area into “Pudong" (the east
side of Huangpu River) and “Puxi" (the west side of Huangpu River), as
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shown in Figure 2.1. The inset at the right corner of Figure 2.1 presents the
whole city of Shanghai.
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Figure 2.1: The study area

The bike-sharing data used in this study were provided by Mobike 2 , which
is one of the biggest dockless bike-sharing companies. This dataset spans
the period from August 26th to September 8th in 2018, covering 14 days.
Each record contains basic trip information, including trip ID, start time,
start location (longitude and latitude), end time and location. Considering
that some trips exceed the study area, we filter out those trips whose start
locations or end locations are outside the study area.
After removing the trips outside the study area, statistical analysis of
basic bike usage patterns is conducted, as shown in Figure 2.2. Figure
2.2a and 2.2b illustrate the distributions of trip distance and trip duration,
respectively. It can be observed that most of the trips are less than 5 km or
1 hour. Concretely, the proportions of the trips with a distance less than
5 km and the ones with duration less than 1 hour are 96% and 98.3%,
2 https://mobike.com/
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respectively, which demonstrates that bike is a short distance transport
mode. Figure 2.2c shows the temporal patterns of bike usage frequency on
workdays and weekends. The weekday pattern displays two peak periods
(8:00 - 9:00 and 18:00 - 19:00), which may reflect the typical commuting
pattern on weekdays. The significant peak periods, however, fail to appear
on the weekend, which indicates that people’s biking activities distribute
relatively uniform during the daytime on the weekend. Furthermore, Figure
2.2d describes the distribution of the number of trips per bike, which shows
that about 20% of bikes are rode less than 10 times. Based on Figure 2.2, the
trips with an abnormal length or duration are also excluded. To avoid the
influence of the bikes with few trips, we only consider bikes that have at
least 14 trips (i.e., at least one trip per day). Finally, 19.4 million trips from
348,037 bikes are included.

(a) Distribution of distance

(b) Distribution of duration

(c) Temporal distribution of bike trips

(d) The distribution of number of trips per
bike

Figure 2.2: Statistical analysis of basic bike usage patterns

Another three datasets, Point of Interest (POI), the smart card data, and
population data, are used to calculate the explanatory factors. POI data is

13

14

the utilization of dockless bss

collected from AutoNavi 3 (also known as Gaode Map, a Chinese navigation
company). Each POI record contains name, address, category, and location
(longitude and latitude). According to the category information, this dataset
contains 17 types of POIs, which are shown in Table 2.1. The smart card
data are collected from the Shanghai Public Transport Card Company. The
data consists of basic subway trip information, including start time and
subway station ID, end time and subway station ID. The population data
is sourced from the Sixth National Census of China. The data provides
information on the resident population and the density of population at
neighborhood level (i.e., the sub-region in this study).
Code

POI Category

Code

POI Category

1

Car Service

2

Car Sales

3

Car Repair

4

Motorcycle Service

5

Restaurant

6

Shopping

7

Daily Life

8

Sports

9

Hospital Related

10

Hotel Related

11

Tourist Attraction

12

Residence

13

Governmental Organization

14

Education Related

15

Transport related

16

Finance Service

17

Enterprises
Table 2.1: The POI Categories

2.3.2

Detecting service areas of bikes

In order to explore the bike-sharing utilization pattern, we detect the service
areas of bikes with non-negative matrix factorization (NMF). First, the
start locations of the trips are first mapped to the corresponding subregions (SR). A visitation sequence is then defined as the sequence of
consecutive start locations based on SR, namely S : {SRt1 , SRt2 , ..., SRtn }, for
each bike. Furthermore, we obtain a visitation frequency matrix V| M|×| N | ,
where M represents the number of bikes, N is the number of sub-regions.
The elements denote the visitation frequency of each sub-region for each
bike.
3 https://lbs.amap.com/
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Non-negative matrix factorization (NMF) is applied to the visitation frequency matrix V. NMF is a robust technique to detect hidden patterns in
a matrix, which decouples a non-negative matrix into two non-negative
matrices of lower rank. The two matrices represent the meta information
of bikes and sub-regions in terms of bike visitation frequency. In addition,
NMF has the inherent property to cluster these bikes and sub-regions. Mathematically, given a non-negative matrix V| M|×| N | and a pre-defined rank
K, the NMF algorithm decouples V into two smaller non-negative matrix
W and H, i.e., V| M|×| N | ≈ W| M|×K × HK ×| N | , and targets to minimize the
difference between the left-hand side and the right side. W is the coefficient
matrix and H represents the dictionary matrix. Theoretically, for any rank
K (meeting K  min[| M |, | N |]), the NMF algorithm can be performed and
generates a result. The key issue is to determine the optimal factor rank K.
Several mature rank selection criteria, such as cophenetic correlation coefficient (Brunet et al., 2004), dispersion (Kim and Park, 2007) and the residual
sum of squares (RSS) curve (Hutchins et al., 2008), have been developed. In
this chapter, we adopt the cophenetic correlation coefficient criterion, which
is widely used to select the optimal K (Kang and Qin, 2016). The value of k
is selected where the magnitude of the cophenetic correlation coefficient
begins to fall (Brunet et al., 2004).
2.3.3

Measuring utilization efficiency of bikes

Time to booking (ToB) for a bike represents the duration that the bike
is booked again after the previous trip has ended (Guidon et al., 2019),
which is employed to measure the utilization efficiency of bikes. Compared
with the existing bike-sharing usage indicators (e.g. riding duration, usage
frequency, and turnover rate), ToB is capable of better reflecting supply and
demand of a certain area, thereby measuring the utilization efficiency of
bikes in the area. Taking riding duration as an example, it depends on origin
and destination of trip and cyclist’s route choice, which is unrepresentative
of demand and supply of one region. Theoretically, if one sub-region is
suffering from oversupply of bikes, some bikes may not be used any more
for a long time after they are parked here. Otherwise, if bikes within the
region are in short supply, the bikes may be used again for a short time. In
addition, although usage frequency and turnover rate can evaluate bikesharing utilization efficiency to some extent, it measures bike-sharing usage
from the perspective of users and is partly influenced by ride duration
and uses’ behavior. For example, given two bikes A and B during a certain
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period, it is supposed that bike A was rode for a long time during one trip,
while bike B was rode for several short trips during the same period. It
can be seen that A has lower usage frequency and turnover rate even if
it was used more efficiently during this period. Hence, ToB is superior in
measuring bike-sharing utilization frequency in one area by examining the
relationship between supply and demand perfectly.
To calculate the time to booking for each bike, we first extract all pairs of
consecutive trips for each bike. Given a trip of one bike, its consecutive
previous trip cannot always be obtained due to various reasons (e.g., data
quality). We only consider the trips whose start points are less than δ meters
away from the end point of the previous trip. The δ is determined based
on two aspects, 1) the accuracy of the positioning device adopted by bikesharing system 4 , 2) the distribution of distances between two consecutive
trips in the data (Figure 2.3), which shows most distances are not too long.
Thus, the “inflection point" δ = 50 is adopted as the threshold to calculate
the time to booking:
STm,t = Sm,t − Dm,t−1
(2.1)
where Sm,t is the start time of the current trip for bike m; Dm,t−1 is the end
time of the previous trip for the same bike.

Figure 2.3: The distribution of distance between two consecutive trips. Most of
values are short distance.

Based on Eq. (2.1), we obtain the ToB values for all the included bikes during
the whole period. Figure 2.4 shows the distribution of ToB, which displays a
long-tail distribution. Concretely, the mean, median, and standard deviation
are 175.1, 29.6, and 452.0 minutes respectively. The ToB for one bike reflects
4 https://kknews.cc/tech/q285v38.html
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the bike’s utilization efficiency, which is an important indicator for operators.
To analyze the utilization pattern of the bike-sharing system and how it
is affected by the influence factors in urban space, we further project ToB
values of bikes to the corresponding sub-regions. To characterize the bikesharing utilization at the sub-region level, we define the median of all the
ToB values within each sub-region as stop duration (SDR), representing
the indicator of the corresponding sub-region. In a sub-region, higher SDR
represents a lower utilization efficiency of bikes, and a lower SDR represents
a higher utilization efficiency of bikes.

Figure 2.4: The distribution of ToB.

Figure 2.5 shows the statistical and spatial distribution of SDR per subregion. The SDR varies between 12.3 and 156.8 minutes with the mean
at 38.1 minutes (and a median of 29.8 minutes). From Figure 2.5a, it is
reported that bikes in most sub-regions are used again quickly (less than 1.5
hours), and only a few sub-regions have a high SDR. In addition, the spatial
distribution shows a clear spatial pattern across the study area. Sub-regions
near the center have a lower SDR, increasing as one moves away from
the center. Especially, these sub-regions with low SDR are concentrated
within the inner ring road, which are the most developed areas of Shanghai.
The sub-regions with the highest SDR are distributed outside of the outer
ring road. Furthermore, we also measure the spatial autocorrelation of SDR
based on Moran’s I by using ArcGIS. The Moran’s I is 0.32 (z − score = 6.615
and p < 0.001), which indicates SDR values are correlated in space.

17

18

the utilization of dockless bss

(a) Statistical distribution

(b) Spatial distribution

Figure 2.5: The statistical and spatial distribution of SDR per sub-region.

2.3.4

Exploring influence factors of utilization efficiency

To investigate the spatial heterogeneity of SDR in urban space, we employ
a Geographically Weighted Regression (GWR) model to quantify the relationship between the stop duration of each sub-region and the selected
explanatory factors, e.g. socio-demographic features, POI characteristics,
and traffic facilities’ convenience. In this section, we briefly introduce the
GWR model and the corresponding independent variables.
2.3.4.1

Geographically weighted regression

Generally, the ordinary least squares regression (OLS) is used to explore the
global relationship between dependent and independent variables, which
assumes independent variables have the same effect on the dependent
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variable across the study area. The OLS regression model is denoted by
Eq.(2).
Yi = α0 + ∑ αk Xki + ei
(2.2)
k

where Yi represents the dependent variable, αk is the estimated coefficient
of the independent variable Xki , and ei is the residual error.
The estimated regression coefficients obtained from OLS regression models
are constant for all sub-regions of the entire study area due to the global
characteristics of this model. However, the SDRs are correlated with each
other in space (see Section 2.3.3). The GWR model is a local spatial statistical
method, which assumes the nearby observations have greater influence on
the variable than the distant observations (Brunsdon et al., 1996). The model
quantifies the spatial effect by conducting a separate OLS regression for
each location. The local regression models only incorporate the explanatory
variables and dependent variables of locations falling within the bandwidth
of target locations. Hence, GWR considers spatial autocorrelation and spatial heterogeneity of observations, which has been widely used to examine
spatial non-stationarity of regression models (Yang et al., 2017; Soltani et al.,
2018; Zhao et al., 2020c). The GWR model is formulated as:
Yi = α0 (ui , vi ) + ∑ αk (ui , vi ) Xki + ei

(2.3)

k

where (ui , vi ) represents the coordinate of location i and αk (ui , vi ) is the
regression coefficient of independent variable Xki at location i. Weighted
least squares is used to estimate the coefficients of the GWR model, where
the weights capture the spatial effect of local observations on the observation
at location i. The spatial weight matrix is calculated by the Gaussian kernel
function, which models the spatial effects of surrounding observations by
Gaussian distance decay within the bandwidth. Bandwidth has a great
impact on the estimations of coefficients. It is determined by the mgwr
package in python 5 .
2.3.4.2

Explanatory variables

In this section, the candidate explanatory variables are derived from the
built environment and social-demographic characteristics, which have been
demonstrated to be closely associated with human mobility behavior.
Land use has a significant influence on human mobility, and further influences the utilization efficiency of bike-sharing. Due to the advances in
5 https://github.com/pysal/mgwr
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sensor and positioning technologies, the percentages of 17 types of POI
(See Table 2.1) for each sub-region are calculated to indicate the land use
characteristics of each sub-region. In addition, the mixture of POI is calculated to represent the degree of the land use mix. Entropy is employed to
measure the mixture of POI in each sub-region, which is formulated as
pmi = − ∑ pi,k log( pi,k )

(2.4)

where pmi refers to the POI mix of the ith sub-region; pi,k denotes the
proportion of kth POI in ith sub-region.
To evaluate the degree of transport convenience, bus stop density (BSD),
subway station density (SSD), and distance from sub-region to the nearest
subway station (D2NSS) have been widely used in previous studies. BSD
and SSD are defined as the number of bus stops and subway stations
within each sub-region divided by the area of the sub-region respectively,
as illustrated in Figure 2.6a. D2NSS is defined as the distance between
the center of sub-region and its nearest subway station. One limitation of
the three above mentioned variables is that they regard transit stations or
sub-regions as points. However, the influence area of either transit station
or sub-region is a polygon. For example, although the values of BSD and
SSD for the central sub-region in Figure 2.6a are 0, the central sub-region is
definitely influenced by the transition stations from adjacent sub-regions.
In terms of D2NSS, it is inaccurate to represent a sub-region by the center
point of it, especially when the sub-region is large. To solve this problem,
we propose a novel indicator to measure transport convenience, namely
the proportion of overlapping area between influence area of transit station
and the corresponding sub-region (See Figure 2.6b). The influence area of
each transit station is defined as a buffer with a radius of x meters. Hence,
how to determine the optimal value of x is noteworthy. In this chapter,
all distances between every two nearest bus stops or subway stations are
calculated. x is determined as the mean of these distances. Thus, x = 158
and x = 1025 are set as the radius of influence areas for bus stops and
subway stations, respectively. The two variables are denoted as ARBus and
ARSubway, which can be calculated based on the overlapping area between
the buffer of bus stop or subway station and the corresponding sub-region.
Moreover, we incorporate two socio-demographic variables, namely density
of permanent resident population (DRP) and the average flow of subway
stations (AFSS). Intuitively, sub-region with more residents should have
higher travel demand and short stop duration. Average flow of subway
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Figure 2.6: Sketch map on transport convenience related factors

stations represents the average number of passengers leaving and going
into the nearest n subways each hour, which is formulated as:
Avg_ f low =

1
m

m

∑
i

( H Ii + HOi )
2

(2.5)

where H Ii is the average number of passengers going into the subway
station each hour; HOi is the average number of passengers leaving the
subway station each hour; m denotes the nearest m subway stations (we
adopt m = 3 here), which is selected according to the Euclidean distance
from the center of each sub-region to the subway stations.
Overall, 22 independent variables, including 18 POI related variables (the
percentages of 17 types of POI and the mixture of POI), two transport related
variables, and two population related variables, are explored, which share
different units and ranges. To make them comparable, they are therefore
scaled using the following equation:
xsij =

xij − min( Xi )
max ( Xi ) − min( Xi )

(2.6)

where xsij is the scaled value for variable i at point j; xij is the raw value
of xsij ; Xi is the variable i; and min( Xi ) and max ( Xi ) are the minimum and
maximum of variable Xi , respectively.
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2.4
2.4.1

results
Spatial characteristics of bikes utilization patterns

In this subsection, we explore the spatial characteristics of bikes’ utilization
patterns based on the non-negative matrix factorization (See subsection
2.3.2). The trips for each bike are extracted to construct visitation sequence,
thereby generating the visitation frequency matrix. To determine the optimal
parameter K, we test different values (i.e. from 2 to 12) to select the best
rank according to the cophenetic correlation coefficient, as shown in Figure
2.7. The cophenetic coefficient does not always decrease along increasing
rank K. K = 2, 6, and 11, which start to decrease, have better decomposition
results compared with other ranks. In addition, all the sub-regions are
divided into K groups, which are displayed in Figure 2.8. The first column
illustrates the consensus map, which indicates the probability that a pair of
sub-regions are assigned to the same cluster. Each consensus map presents
K separating blocks. The second column expounds the spatial distribution
of each cluster corresponding to one block in consensus map.

Figure 2.7: Rank Selection

It can be seen that the sub-regions in the same cluster are adjacent with
each other in space, which indicates that the bikes are mainly used in
a limited area instead of the whole study area. Notably, the clusters are
becoming smaller with the increment of K values. For instance, from K = 2
to K = 6, cluster 0 in Figure 2.8(a) is divided into cluster 1 and 3 in Figure
2.8(b), while cluster 1 is separated into 0, 2, 5, and 4. However, their spatial
distributions still show some similar patterns. For example, the Huangpu
river is an natural barrier that divides the sub-regions of either side into
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different clusters no matter the K, as the bikes are not allowed to cross the
river via the bridge or tunnel.
Intuitively, the sub-regions within each block have various visitation frequencies, which displays the bikes’ service patterns. These patterns are
represented as a set of eigenbehaviors (EB), which are derived from the
matrix W. For the sake of illustrative ease, these patterns are mapped on the
urban space, as shown in Figure 2.9. Without loss of generality, the figure
only presents the eigenbehaviors for Rank = 6. Since the size of sub-regions
vary widely, instead of the frequency of pick-ups, we map the density of
visitation frequency (i.e., the number of pick-ups per square kilometer). In
Figure 2.9, all the sub-figures share the same range across the six scenarios,
and the deeper color represents the high density of pick-ups.
Obviously, the density of pick-ups for each pattern demonstrates a remarkable heterogeneity. In each sub-figure, we can easily find the sub-region
with a higher value, which indicates pick-ups are mainly concentrated in
these areas. In addition, the densities between the six patterns are also
different. EB1 (Figure 2.9a), EB2 (Figure 2.9b), and EB6 (Figure 2.9f) have a
high value, while it is not easy to find a deeper color in EB3 (Figure 2.9c),
EB4 (Figure 2.9d), and EB5 (Figure 2.9e).
In Figure 2.9a, the deep color is mainly concentrated in Wujiaochang, Sipinglu, etc. The sub-region with the highest value is Wujiaochang, which is
one of the sub-centers and central business districts in Shanghai. With its
development, Wujiaochang is also a transport hub. In addition, Fudan university is also located in this sub-region. These facts also make Wujiaochang
produce the majority of the trips in this block. For Sipinglu sub-region, a
campus of Tongji University and Shanghai Yangpu High School are located
there. Together with several residential blocks, Sipinglu is also a sub-region
with a high density bike trips. For EB2 (Figure 2.9b), the visitations are
mainly distributed in Pudong district, such as Lujiazui sub-region with
the highest density. Lujiazui contains central business district (CBD) and
several residential blocks. The CBD is a national-level financial district with
many famous views such as Oriental Pearl Tower and Shanghai Tower.
Although bikes are not allowed on most roads of this CBD, Lujiazui subregion still displays a high visitation frequency according to the data. The
sub-regions with high visitation frequency of EB6 (Figure 2.9f) are mainly
located in Huangpu, Hongkou, Jingan, Putuo, Changning districts, which
are the center of the Shanghai. For example, the sub-regions with the highest density are mainly distributed within the inner ring road, like Jingansi,
Xujiahui, Nanjingxilu, which are the most developed area in Shanghai. With

23

24

the utilization of dockless bss

Rank = 2

(a) Rank = 2

Rank = 6

(b) Rank = 6

Rank = 11

(c) Rank = 11

Figure 2.8: Consensus map and cluster map for rank = {2, 6, 11}. The first column
shows consensus maps and the second column shows the cluster map
in space. The sub-figures in the same column are derived from the
same Rank. For consensus maps, the number in x-axis and y-axis
represents the number of sub-regions in each block.
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regards to the other three patterns, the sub-regions with middle density
are mainly distributed outside of the inner ring road. Compared with EB1,
EB2, and EB6, less bike trips are generated in these areas. EB3 (Figure 2.9c)
is distributed in the northeast part of the study area. Within this EB, the
sub-regions with middle density are also distributed in Jingan and Putuo
district. EB4 (Figure 2.9d) reports a bike-sharing usage pattern in Puxi.
Although it has some overlaps with EB2, its highest-value sub-regions are
distributed between the inner ring road and the outer ring road. As to
EB5 (Figure 2.9e), it mainly describes the usage pattern in the southeast
of the study area. The sub-regions with the highest value are adjacent to
the boundary of the study area, which reveals that the bikes used in these
sub-regions could also be connected with the regions outside the study area.
In addition, these highest-value sub-regions are the center of the Minhang
district.
2.4.2

Relationship between utilization pattern and impact factors

In this section, we explore the relationship between the SDR of sub-regions
and selected factors by using OLS and GWR models.
2.4.2.1

OLS regression analysis results

We first employ the OLS regression model to examine the effect of the variables on the SDR. In our models, transport related variables and population
related variables are always included. However, it is infeasible to use all
of the POI related variables because some of them are highly related to
each other. Therefore, we attempt different categories to build OLS models.
Before applying the model, variable inflation factors (VIF) are used to test
multicollinearity for each group of the independent variables. Ultimately,
the optimal OLS regression model is selected according to the corrected
Akaike information criterion (AICc) and the significance of independent
variables. The determined explanatory variables and their descriptions are
shown in Table 2.2.
Table 2.3 displays the result of the selected OLS regression model. The
adjusted R2 is 0.520, which indicates that the selected independent variables
can explain 52.0% of the variations. In this model, both ARSubway and
ARBus have negative impacts on the stop duration. It means that if the
influence area of subway stations or bus stops occupies a high percentage of
sub-region, the bikes within that sub-region will be used again after a short
stop time. In addition, ARSubway is significant while ARBus does not have
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(a) EB1

(b) EB2

(c) EB3

(d) EB4

(e) EB5

(f) EB6

Figure 2.9: Spatial patterns of eigenbehaviors for Rank=6. The value is the density
of visitation. The deeper the color is, the higher the value is.

a significant association with SDR, which indicates that the subway stations,
compared with bus stops, have more remarkable impact on bike utilization.
With regard to the two population related variables, namely DRP and AFSS,
both of them have a negative influence. This is because the sub-regions with
high DRP and AFSS normally have larger demand for bike-sharing. For the
POI related variables, POI mixture is also negatively related to SDR, which
indicates the sub-regions with various types of POI require more sharing
bikes than the sub-region with single type of POI. In the selected model,
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Variable name

Description

ARSubway

The ratio between the influence area of subway stations
and the area of sub-region

ARBus

The ratio between the influence area of bus stops
and the area of sub-region

DRP

The density of permanent resident population

AFSS

Average flow of subway stations

POIMix

Mixture of POI

PRt

Percentage of Restaurants

PDLS

Percentage of Daily life services (e.g. travel agency)

PRc

Percentage of Residence

PCF

Percentage of commercial facilities
Table 2.2: The explanatory variables for OLS and GWR.

we consider the percentages of four types of POI, including restaurants,
daily life service, residence, and commercial facilities, which represent four
types of activities. The coefficients of PRt and PRc are negative, while PDLS
and PCF have a positive influence. In addition, both PRc and PDLS are
significant at the 0.05 level, but residence and commercial do not show
significant influence.
Although the OLS regression model is capable of providing a global understanding of the relationship between SDR and the explanatory variables,
spatial non-stationary inspection is neglected. Therefore, the relationship is
further explored with GWR model.
2.4.2.2

GWR analysis results

In this section, we further examine the relationships between SDR of subregions and the explanatory variables based on GWR model. The model
yields a better result with adjusted R2 = 0.774, which is higher than that
of OLS regression model (i.e. adjusted R2 = 0.52). In addition, the Akaike
Information Criterion (AIC) of GWR model (i.e. 1095.4) is lower than that
of OLS regression model (i.e. 1158.1). It can be concluded that the GWR
model presents better explanatory power than the OLS regression model for
exploring the influence of explanatory factors on bike-sharing utilization.
Moreover, we also examine the spatial distribution of the standard residuals
from the GWR model, as shown in Figure 2.10. It can be observed that only
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Independent variable

Coef.

Std.

t-Statistic

-42.552

7.224

-5.890

0.000∗∗∗

-5.225

13.408

-0.390

0.697

DRP

-19.588

10.140

-1.932

0.056∗

AFSS

-18.834

8.740

-2.155

0.033∗∗

POIMix

-13.915

23.104

-0.602

0.548

PRt

-52.730

18.948

-2.783

0.006∗∗∗

34.010

16.926

2.009

0.047∗∗

PRc

-13.843

21.009

-0.659

0.511

PCF

10.029

14.230

0.705

0.482

Constant

97.662

27.520

3.549

0.001∗∗∗

ARSubway
ARBus

PDLS

R2
Adjust

p

0.552
R2

0.520

AICc

1158.1

No. Observations

133

*** Represents the significance of the regression coefficient at the 0.01 level
** Represents the significance of the regression coefficient at the 0.05 level
* Represents the significance of the regression coefficient at the 0.1 level
Table 2.3: The result of the OLS regression model

5 local regression models (3.7%) fail the residual tests, which correspond
to the blue and red sub-regions. The spatial autocorrelation of standard
residuals is further examined by calculating the global Moran’s I. The
Moran’s I (-0.019) result indicates that the standard residuals from the GWR
model display random distribution at the 5% significance level.
Table 2.4 shows the estimated results of GWR model, which lists the descriptive statistics of the varying regression coefficients, including Mean,
standard deviation (Std.), Minimum, lower quantile (25%), Median, upper
quantile (75%), and Maximum. The descriptive statistical indexes provide
a general understanding of the distribution characteristics of regression
coefficients. For example, POIMix and PRc (percentage of residence) have
large standard deviation values, which partly indicates that the distribution of their coefficients is more dispersed than other variables. For the
variables like PDLS (percentage of daily life services), more than 50% of
sub-regions have a positive impact on stop duration, whereas average flow
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in all sub-regions has a negative effect on stop duration. Next, we investigated the spatial variations of these explanatory variables on stop duration
by projecting these coefficients on the sub-regions.

Figure 2.10: Spatial distribution of standard residuals of GWR model

Figure 2.11 shows the spatial distribution of estimated coefficients for all
the selected variables from GWR model. The red color indicates that the
corresponding explanatory variables have a positive influence, and blue
color represents a negative influence. The deeper the color is, the greater the
influence is. The GWR model is able to quantify the spatial varying influence
of each independent variable across study area. The spatial characteristics
of the influence of each explanatory variable are analyzed.
The two transport related variables, namely ARSubway (Figure 2.11a) and
ARBus (Figure 2.11b), display a negative influence on stop duration in
most sub-regions. It means that if there are more subway stations or bus
stops around one sub-region, the bikes within the sub-region will be used
again after a short stop period with higher probability. This confirms the
previous findings that the bikes within the urban sub-regions near public
transportation stations (e.g. subway station, MRT station, bus stop) normally
display high bike usage pattern (Shen et al., 2018; Xu et al., 2019). It can
be concluded that bike-sharing might serve a number of last-mile trips.
Note that positive associations are identified in previous studies compared
with the negative association in this chapter, which can be attributed to
the measurement of bike-sharing utilization. For instance, the indicators
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Independent
variable

Mean

Std.

Minimum

25%

Median

75%

Maximum

ARSubway

-29.8

20.8

-66.7

-49.3

-25.0

-12.7

0.5

ARBus

-7.1

14.6

-45.8

-13.3

-6.5

3.2

17.0

DRP

-15.0

12.6

-41.9

-20.0

-14.2

-8.8

16.0

AFSS

-15.3

11.2

-37.1

-21.3

-12.0

-6.7

2.2

POIMix

-23.5

43.3

-166.2

-27.6

-20.2

-0.8

73.2

PRt

-44.2

38.9

-149.7

-56.6

-27.2

-18.4

9.4

PDLS

8.6

24.2

-27.6

-9.0

-2.4

22.9

79.2

PRc

-8.5

34.1

-74.9

-33.0

-6.9

22.9

39.9

PCF

-9.0

21.2

-49.0

-23.0

-9.8

0.0

50.6

R2
Adjusted

0.829
R2

0.774

AICc

1095.40

No. Observations

133
Table 2.4: The results of GWR model

like the arrival and departure rates, usage frequency, the average number
of trips made per bike are employed to measure the bike-sharing usage
(Hampshire and Marla, 2012; Faghih-Imani et al., 2017b; Shen et al., 2018;
Du et al., 2019), higher values of which correspond to more bike-sharing
usage. On the contrary, as mentioned in Section 2.3.3, smaller stop duration
for bikes represents higher bike-sharing utilization in this work. In addition,
as shown in Figure 2.11a, the sub-region with lower influence of ARSubway
are mainly concentrated on Waitan, Yuyuan, Nanjing road, which are the
most developed areas in Shanghai and have highly dense subway stations.
One possible reason is that people can reach the subway stations by walking
easily in these sub-regions. Furthermore, cycling is not allowed in some
roads within these areas. For ARBus, the sub-region with large negative
influence are mainly concentrated in Baoshan district, and the sub-regions
with positive coefficients are mainly distributed in Minhang and Pudong
district. Although the positive influence is existed in some sub-regions, they
only display small influence. It can be attributed to high bus stop density
in these sub-regions and ease of accessibility for bus stops.
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(a) ARSubway

(d) AFSS

(g) PDLS

(b) ARBus

(c) DRP

(e) POIMix

(f) PRt

(h) PRc

(i) PCF

Figure 2.11: Spatial distribution of varying regression coefficients

In terms of the two population related variables, they mainly show a negative influence on SDR. For population density (DRP) (Figure 2.11c), most of
the sub-regions present negative associations with stop duration SDR. We
can conclude that most of the sub-regions with dense population normally
present a small SDR (i.e. high bike-sharing utilization). The conclusion is
supported by the findings of previous studies that high population density
tends to generate and attract more biking trips and then improve bikesharing usage (Hampshire and Marla, 2012). However, the GWR model
also examined the non-stationarity of the variable in this chapter. It is reported that the sub-regions with strong negative associations are mainly
distributed in the periphery of Pudong district, while the sub-regions with
small positive coefficients are mainly concentrated in Baoshan and Jiading
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district. This result occurs may due to the incomplete living facilities in
Pudong. In this situation, high population density normally brings high
travel volume. In Baoshan and Jiading district, considering that most subregions are distant from metro stations, people depend heavily on the
combination of bus and subway. Hence, population density displays low influence on the bike-sharing utilization in these sub-regions. In Figure 2.11d,
it is reported that AFSS always has a negative influence on stop duration.
Especially, the sub-regions in Pudong district display high impact on SDR.
Compared with DRP, the AFSS can motivate the usage of bike-sharing in
the whole Pudong district.
Regarding POI mixture (POIMix), the sub-regions with negative coefficients
are mainly concentrated on the northwest of study area, namely the subregions in Baoshan, and the positive influence is mainly distributed in
Pudong (Figure 2.11e). It is interesting to note that the increasing mixture
of POI can improve the diversity of activities in Puxi, which makes SDR becomes shorter. However, the sub-regions with high POI Mixture in Pudong
district do not attract more people to use shared bikes. Although previous
studies demonstrated that POI mixture can be beneficial to more diverse
activities and attract more riders (Shen et al., 2018; Wang and Akar, 2019),
spatial non-stationarity is identified from the result. One possible explanation is that although some sub-regions in Pudong also have high POI
mixture like the sub-regions in Puxi, the sub-regions in Pudong could have
different attractions on biking trips considering the various POI types and
incomplete living facilities in Pudong. From Figure 2.11f, we can observe
that the percentage of restaurants (PRt) has a negative impact in almost all
the sub-regions. It means that bike-sharing system provides a convenient
way for residents to reach a restaurant. In addition, it can be seen that the
sub-regions in Pudong have a higher influence than that of the sub-regions
in Puxi, especially the central part of the study area. A possible explanation
is that more restaurants are concentrated in the center of the study area.
It is easy to reach them by walking instead of using a bike. Conversely,
regarding the percentage of Daily life services (PDLS), it is found that
PDLS presents positive influence on most sub-regions in the periphery of
study area. In addition, the higher percentage of residence (PRc) generally
means more residents, which generates a higher travel demand. PRc shows
a negative influence on SDR in most sub-regions (Figure 2.11h), which
also conforms to the conclusion that residential POI positively influences
the bike-sharing usage (Ji et al., 2020). However, a higher percentage of
residence does not motivate to decrease the SDR in several sub-regions
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in south of study area. In terms of the percentage of commercial facilities
(PCF), they do not always show a positive influence in the whole study area.
As displayed in Figure 2.11i, PCF has a negative influence in the southeast
of the study area, which is mainly in Pudong district.
In summary, the influence of the selected explanatory variables shows spatial variations across the study area. The OLS regression model examines
the global relationship between the variables and stop duration for each
sub-region. The GWR model identifies spatial variations of influence across
the study area by considering spatial autocorrelation and heterogeneity.
For instance, for the variables such as ARBus, POIMix, PRc, and PCF, the
proportions of sub-regions with positive and negative coefficients are comparable to each other, which indicates complicated relationships between
these variables and SDR of sub-regions. This is why the coefficients of
these variables are not significant in the OLS regression model. This knowledge provides an insight into the relationship between bike-sharing usage
and built environment as well as socio-demographic characteristics, which
provides decision-making support for the management and planning of
bike-sharing.
2.5

discussion and conclusions

Understanding the dockless bike-sharing utilization pattern and its explanatory factors can be beneficial to urban planners and operators to
improve the utilization efficiency and turnover of public bikes. However,
little attention has been paid to investigating this particular pattern from
the perspective of bikes. To bridge the research gap, this chapter explores
the dockless bike-sharing utilization pattern and its influence factors by
conducting an empirical study using a GPS-based bike origin-destination
data collected in Shanghai, China. The trips’ origin-destination of each bike
are extracted from the data, which are used to calculate Time to Biking
values for each bike. These ToB values are further mapped to the corresponding sub-regions to describe and measure the bike-sharing utilization
efficiency at the sub-region level. The main contributions of this work are
summarized as follows.
First, we detect the service areas of bikes to explore the bike-sharing utilization pattern with non-negative matrix factorization at the sub-region
level. The visualization of matrix factorization results shows that several
spatially cohesive regions with intensive bikes exchange are identified. In
particular, the bike-sharing utilization patterns in six scenarios are inter-
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preted. It is indicated that the bikes have their own service areas instead
of being utilized across the whole study area. The results are beneficial for
the operators to rebalance the shared bikes, thereby further improving the
utilization efficiency of shared bikes and saving parking spaces.
Second, we define an index called stop duration (SDR) to delineate the bike
utilization at the sub-region level, which describes the utilization efficiency
of bikes within each sub-region. In addition, the OLS and GWR models are
used to quantify the relationship between SDR and the selected explanatory variables related to transportation, land use, and social-demographic
factors. Among these explanatory variables, we define three novel features,
including the proportion of overlapping area between influence area of
transit stations (i.e. subway and bus) and the corresponding sub-region,
and the average flow of subway stations. The first and second variables
consider the influence of transit as polygons instead of points to represent
the convenience of access. The average flow of subway stations, which
consider the flow of subway stations as a dynamic population index. The
coefficients of the OLS regression models demonstrate that ARSubway,
the density of resident population (DRP), average flow of subway stations
(AFSS), and the percentage of restaurants (PRt) are negatively related to
SDR at a significance level of 0.05, while percentage of daily life services
(PDLS) is positively related to SDR at the same significance level. According
to the corrected Akaike information criterion (AICc) and adjusted R-square,
the GWR model presents the remarkable improvement of effectiveness
(Adjusted R2 = 0.774, AICc = 1095.4) compared with the OLS regression
model (Adjusted R2 = 0.52, AICc = 1158.1). Furthermore, the varying regression coefficients revealed the spatial varying of the influence of various
factors on the stop duration, which also explains why several variables are
not significant in the OLS regression model.
It is worth noting that this study has several limitations that should be
considered in future. First, this chapter considers the whole bike data to
detect operation pattern and utilization analysis but ignore the influence of
time. We should put much effort to understand the bikes’ operation pattern
in specific periods, like busy traffic period and free flow period. Second,
all of our findings are in an aggregate level, namely population census
zone in this chapter. However, the spatial scale is an important concept
in geography, which may result in different conclusions. It still needs to
further develop the work on different spatial scales. Finally, SDR, which
is the interaction of demand and supply, shows the utilization efficiency

2.5 discussion and conclusions

of bike-sharing. It would be interesting to study how stop duration can be
used to measure bike-sharing providing a good service.
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3
E N V I R O N M E N TA L B E N E F I T S O F B I K E - S H A R I N G
S E RV I C E S

Li, A., K. Gao, P. Zhao, X. Qu, and K. W. Axhausen (2020) High-resolution
assessment of environmental benefits of dockless bike-sharing systems
based on transaction data, Journal of Cleaner Production, 296 (126432).
3.1

introduction

The commitments to reducing greenhouse gas (GHG) emissions in the
Kyoto Protocol and the Paris Agreement drive policymakers to leverage
alternative and emerging techniques to reduce emissions from all fields.
The transport sector, as one of the main contributors to GHG emissions, has
high potentials for reducing GHG emissions through technology adoption,
such as shared mobility, electrification, and automation. In recent years,
the advances in information technologies are leading to the emergence
of shared micro-mobility systems such as sharing bicycles, e-bikes, and
e-scooters. Among them, the bike-sharing system (BSS), as a low-budget
alternative and environmentally friendly travel choice, has been welcomed
by the municipal governments (Chen et al., 2020d; Guo and He, 2020; Lin
et al., 2018). BSS started as docked BSS with fixed renting and returning
stations, and gradually changed to be dockless with enhanced flexibility and
convenience (Chen et al., 2020d; Lazarus et al., 2020; Chen et al., 2020b). This
chapter focuses on dockless bike-sharing systems (DLBS) rather than docked
BSS since DLBS is more superior and prevalent due to its flexibility Ma et al.
(2020a). Quantitative evaluations concerning the potential benefits derived
from BSS are crucial evidence and supports for urban managers to make
development decisions concerning BSS (Barbour et al., 2019; Zhang and Mi,
2018; Faghih-Imani et al., 2017a). These motivate researchers to analyze the
influences of BSS on different aspects such as travel efficiency (Jäppinen et al.,
2013; Faghih-Imani et al., 2017a), traffic congestion (Hamilton and Wichman,
2018; Wang and Zhou, 2017), accessibility (Li et al., 2020b), environmental
effects (Fishman et al., 2014; Zhang and Mi, 2018; Kou et al., 2020), and
promoting the usage of public transit (Li et al., 2020d).
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The environmental benefit stemming from BSS is one of the most critical motivations of developing BSS in the era of climate change. The key
to quantifying the environmental influences of DLBS is to estimate how
the DLBS replaces other transport modes (such as walking, transit, and
taxis). Whether the DLBS creates environmental benefits depends on the
substituted option (namely the chosen transport mode if the DBLS were
not available). If a traveler uses DLBS for a trip instead of a taxi or private
car, it is, without a doubt, beneficial for reducing energy consumption and
emissions for the trip. Nonetheless, a bike-sharing trip replacing walking
does not create an extra environmental benefit because of the energy consumption and emissions from manufacturing the bikes and operating DLBS.
The GHG emission reduction of a trip using DLBS could be regarded as
the difference between the GHG emissions of using other transport modes
and GHG emissions of using DLBS for the same trip. However, it is hard to
quantify the environmental benefits of DLBS accurately, which requires the
possible replacement transport mode by DLBS for each trip. For a given trip,
the replacement is affected by many factors, such as the origin, destination,
start time, road, and transit networks.
This chapter proposes a novel approach for assessing the environmental
impacts of DLBS, by fully considering the substitutions of DLBS of other
transport modes (e.g., walking, bus, metro, and taxi) in various contexts.
The proposed framework leverages the massive transaction data from DLBS,
multi-model routing techniques from online navigators, and discrete choice
modeling to evaluate the environmental influence of every bike-sharing trip.
First, the trip information (e.g., route and distance) of each bike-sharing trip
is extracted based on the transaction data from DLBS. Simultaneously, we
obtain the detailed information of other alternative transport modes in the
real transport network for the same origin, destination, and departing time
of the recorded bike-sharing trip, by leveraging the advanced multi-mode
routing technique of online navigation tools. These provide accurate and
realistic options that the traveler could choose for the trip if the DLBS
were not to exist. Based on the above-obtained information, we utilize a
discrete choice model considering user heterogeneity to estimate the chosen
transport mode by the traveler for finishing the trip if the DLBS were not
available (i.e., the substituted transport mode by DLBS). Afterward, we
quantify the reduced GHG emission from each trip of using DLBS using a
life cycle analysis model. An empirical analysis in Shanghai is conducted
using the proposed approach to assess the environmental influences of
DLBS from both average and aggregated perspectives. We further investi-
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gate the differences in the reduced GHG emissions due to DLBS in various
urban areas and reveal the potential effects of the built environment on the
environmental benefits. The outcomes provide comprehensive insights into
the effects of DLBS on GHG emissions and the potential influencing factors.
The results will support urban planners and bike-sharing operators with
quantitative evidence of the environmental benefits from DLBS, which are
crucial for the cost-benefit analysis and policy-making about DLBS.
The following part of this chapter is structured as follows. Section 3.2 gives
a literature review, and Section 3.3 describes the study areas and data
resources used in this chapter and presents the proposed framework, model
formulations, and analysis process. Section 3.4 provides the analysis results
accompanied by discussions. Afterward, the conclusions and limitations
are provided in Section 3.5.
3.2

background

Although many qualitative comments on the environmental influences of
BSS, few studies have quantitatively evaluated the environmental impacts
of BSS. Fishman et al. (2014) conducted one of the pioneering studies to
estimate the benefits of BSS. They surveyed the substitution rates of docked
BSS to car usages in five cities (Melbourne, Brisbane, Washington D.C.,
London, and Minnesota). The average substitution rate of BSS to a specific
transport mode from the surveys was assumed as the probability of BSS
replacing the transport mode for all trips of using BSS. Based on the surveys,
they approximately calculated the reduction in vehicle kilometers traveled
(VKT) of using private cars due to the introduction of BSS. However, the
survey mainly covered registered annual members (i.e., sample biases).
More importantly, they assumed that the probability of a recorded bikesharing trip replacing car trips was the same in different situations without
considering the travel distance, departure time, purposes, and contexts of
the trip (Fishman et al., 2014). The assumption of homogeneous substitution
rates of BSS to the car in various contexts would result in substantial
biases (Kou et al., 2020). Anderson (2015) evaluated the impacts of a bicyclesharing program in Portland and pointed out that the proposed bike-sharing
system could reduce air pollution and promote users’ physical activities.
Nonetheless, the evaluation was based on arbitrary assumptions about
the bike-sharing kilometers traveled, the substituted transport modes by
bike-sharing systems, and average trip distances. These deficiencies caused
notable biases in estimating the environmental impacts of BSS. Qiu and
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He (2018) assessed the changes in energy consumption and gas emission
brought by BSS in Beijing and concluded the positive influences of BSS on
reducing energy consumption and emissions. However, their evaluation
method had the same issues as Anderson (2015). The underlying logic
of the above studies was applying the average percentage of BSS trips
substituting a transport mode (i.e., car) from limited-sample surveys as the
substitution rate of BSS to the transport mode for all other tours of using BSS.
Obviously, this is inaccurate and may lead to biases in the evaluations. The
substitution rates from user surveys could merely represent the percentages
of respondents using BSS to replace a specific transport mode, coarsely. It
is inappropriate to extrapolate the average substitution rate to transport
modes from limited samples as the proxy probability of BSS substituting
the transport modes for other trips. Although some studies (Shaheen et al.,
2013; Sun et al., 2018; Ma et al., 2019b, 2020b; Ji et al., 2020) provided more
detailed investigations concerning the substitution rates of bike-sharing
trips to other transport modes in different contexts and user groups based
on surveys, these did not touch or tackle the core issues. Whether a bikesharing trip replaces a transport mode (e.g., car, transit, or walking) is highly
related to the trip contexts in terms of departure time (e.g., morning, noon,
or midnight), trip distance, available options, and attributes of available
options. For instance, a trip using DLBS in suburban areas with few public
transit services has a high probability of replacing a private car or taxi trip
since the travelers have no comparable transit options compared to using
cars. However, if the same trip happens in central business areas, it has
a high probability of replacing a trip of using buses or trams because of
the convenience of using transits in the central urban areas. Therefore, the
substitution rate of a bike-sharing trip to different transport modes should
be trip-specific and significantly influenced by the specific contexts of each
trip.
Taking advantage of the trip records from DLBS in Shanghai, Zhang and
Mi (2018) conducted an empirical evaluation regarding the environmental
benefits of DLBS using trip-based estimation. They assumed that a bikesharing trip could only replace walking or taxis. If the trip distance was over
one kilometer, the trip was deemed to replace a taxi trip. If the trip distance
was shorter than one kilometer, the trip was supposed to replace walking
and did not contribute to reducing energy consumption and emissions. The
emission of using a taxi was approximated by trip distance and emission
factors. The results of all bike-sharing trips were aggregated to provide
the overall environmental benefits of DLBS in Shanghai. The arbitrary
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and limited assumptions about the substitution rates of a bike-sharing
trip to other transport modes were the main issues in the chapter. For
instance, many BSS trips were replaced by public transits, rather than a
taxi (Ma et al., 2020b; Shaheen et al., 2013; Kou et al., 2020); travelers may
choose to walk for a trip over one kilometer. Kou et al. (2020) proposed an
approach for estimating the substituted transport mode of a bike-sharing
trip by considering the trip distance, departure time, and the availability
of the public transit near bike-sharing stations. The availability of a public
transit for a trip was surrogated by the number of public transit facilities
within a 200 m buffer around the origin. They collected the relationships
between the probability using different transport modes with trip distance,
departure time, and purposes from household surveys. Using the statistics,
they estimated the probabilities of a bike-sharing trip replacing different
transport modes and empirically analyzed the influences of docked BSS on
GHG emissions. Kou et al. (2020) made an improvement as compared to the
previous literature. However, Kou et al. (2020) did not adequately address
the problems of estimating the substituted transport modes by DLBS. The
approach had three limitations: 1) travelers make mode choices based on the
trade-offs among attributes (e.g., cost and time) of available options, rather
than merely the trip characteristics such as distance, time, and purposes.
The available options and attributes for a trip vary substantially in both
spatial and temporal dimensions and are influenced by many factors such
as transit/road network, transit schedules, and departure time. 2) Whether
a traveler could choose a transit depends on whether a transit route to
the destination exists, rather than where there are transit stations near the
origin. If there are transit stations but no transit route (or long detour) to
the destination, the traveler will not use transits for the trip. 3) Two bikesharing trips with the same trip distance, departure time, and purpose may
replace different transport modes. For instance, one DLBS trip happening in
a suburb area with few transit services is more likely to substitute taxis, as
compared to the same trip in central areas with convenient transit systems.
The core of estimating what transport modes a bike-sharing trip replaces
is to obtain the attributes of available options besides DLBS and predict
the travelers’ choices in the specific travel contexts for the trip. Ideally, the
investigators could ask each user after a bike-sharing trip about what transport he/she would use if there were no DLBS and its attributes. However,
it is not realizable and practical to collect such data in reality. Moreover,
the existing work merely assessed the environmental influences in a global
and aggregated perspective. The spatial heterogeneity in the environmental
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effects of DLBS and its associations with built environments lack deep
investigations to support the planning and management of DLBS effectively.
The built environment factors such as land use characteristics, road, and
transit infrastructure are expected to influence travel behavior (Fishman
et al., 2014; Sun et al., 2018), affecting the substituted modes of DLBS and
emission reductions from DLBS. To address the above gaps, this paper
presents a novel methodology and an empirical analysis of assessing the
environmental influences of DLBS based on an improved estimation of the
substituted modes and GHG emission reduction for each recorded trip of
using DLBS.
3.3

methodology

3.3.1
3.3.1.1

Study areas and transaction data from DLBS
Study area

This chapter selects Shanghai, China as the study area, namely cyan regions
in Figure 3.1a. Shanghai is one of the largest metropolises in China, which
has a population of 24.24 million and an area of 6341 km2 by the end
of 2018. In 2018, the gross domestic product (GDP) reached 3.268 trillion
Chinese Yuan, accounting for 6.6% of the total Chinese GDP. The municipal
area of Shanghai consists of 16 districts. The study area contains various
urban contexts, including urban regions, suburban regions, rural areas,
and rural-urban continuums. The central area of the city includes seven
districts, including Huangpu, Xuhui, Changning, Jian’an, Putuo, Hongkou,
and Yangpu, most parts of which are within the inner-ring circle road (i.e.,
the red circle in Figure 3.1a). The areas outside the out-ring circle (i.e., the
purple circle in Figure 3.1a) are rural areas. Chongming district is an island
area with few inhabitants and many undeveloped regions such as forests
and wetlands. On account of the few DLBS trips in the Chongming district,
we exclude it in case of biases in analysis. The study area is divided into
a grid with 0.01 longitude × 0.01 latitude rectangles (Figure 3.1b). Each
rectangle is treated as an analysis zone (AZ) in this chapter.
3.3.1.2

Dockless bike-sharing transaction data

This chapter utilizes the DLBS transaction data provided by Mobike, which
is one of the largest DLBS operators and shared micro-mobility unicorn
companies in China. The data covers 14 consecutive days from August
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(a) Administrative division of Shanghai

(b) The partitioned zones

Figure 3.1: The study area and partitioned zones for analysis

26th to September 8th in 2018 and contains more than 27 million trips
recorded by 635,833 operating sharing bikes in Shanghai. Such a large
number of transaction records guarantees the feasibility of conducting the
empirical analysis. Each transaction record has a unique trip ID, bike ID,
the timestamps and coordinates of the starting and ending points.
We filter out trips whose starting or ending locations are outside the study
area. However, there are still some abnormal values in terms of trip duration
and distance due to technical errors (e.g., GPS positioning error). Hence, a
data cleaning process is executed to filtrate outliers. The trip records with
excessive distance or duration are excluded. Figure 3.2a and 3.2b show
the statistical distributions of trip distance and duration, respectively. We
remove trips with a trip distance (i.e., the Euclidean distance between two
points) shorter than 100 meters or longer than 10 km, and a trip duration
less than 60 seconds, as they are likely to be faulty records due to technical
errors. After cleaning, more than 23 million trips from 617,249 bikes remain
and are used for the final analysis.
From the statistical levels, it can be found that most DLBS trips are shorter
than 5 kilometers and half an hour (Figure 3.2a and 3.2b). The mean
trip distance and duration are 1105 meters and 11.7 minutes, respectively.
The statistical results are in accordance with the findings in the relevant
literature (Li et al., 2020d; Kou et al., 2020). Figure 3.2c shows the temporal
distribution of bike-sharing trips across a day in Shanghai. The distributions
across workdays (from Monday to Friday) are very similar. They have two
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pronounced peaks in the morning (7-9 AM) and evening (5-7 PM), which
indicate the typical commuting patterns on workdays. Evident differences
are observed between the temporal distributions in workdays and weekends.
The morning and evening peaks are not apparent on weekends. Figure
3.2d shows the distribution of the usage frequency of the bikes. Most bikes
during the studied period are rode less than 50 times. The average usage
frequency of a shared-bike is 2.69 times per day.

(a) Distribution of trip distance

(b) Distribution of trip duration

(c) Temporal distribution of bike trips

(d) Distribution of usage frequency per bike

Figure 3.2: Descriptive analysis of bike-sharing transaction data. Figure 3.2a and
3.2b describe the distribution of trip distance and trip duration of the
data within the study area. Figure 3.2c and 3.2d are for the data after
removing trips with anomalous distance or duration.

3.3.2

Methodological framework

The core of assessing the environmental influences of DLBS is to decipher
what transport mode the DLBS replaces. More specifically, we need to
know what transport mode the traveler would use for a recorded bikesharing trip if the DLBS were not to exist. By comparing the emissions of
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using other transport modes in contrast to DLBS, the reduced emission
due to using DLBS can be quantified. The environmental benefit of DLBS
can be defined as the sum of emission reductions of all trips using DLBS.
Figure 3.3 demonstrates the outlines of the proposed framework. The
proposed framework contains three main components, including the tripspecific information extraction, trip-specific mode substitution estimation,
and assessing GHG emission reductions due to the DLBS.

Figure 3.3: The proposed framework to assess the environmental benefits of
DLBS

3.3.2.1

Trip-specific available transport modes and their attributes

The first step is to extract the information about other available transport
modes besides DLBS for each bike-sharing trip. This task is challenging
as the available options for a trip are highly related to road structure,
transit network, and departure time, which display substantial variances
in spatial and temporal dimensions. To obtain the available travel choices
and their attributes, we utilize the Direction API for multi-mode routing
planning in Amap1 . Each DLBS transaction record contains the coordinates
of the origin and destination, starting and ending timestamps for each
1 https://lbs.amap.com/api/webservice/guide/api/direction
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trip. Based on the starting and ending points as well as the departure time
of the trip (i.e., the hour and minutes in a day), the Amap Direction API
can output the available travel mode alternatives (e.g., walking, taxi, bus,
metro, and bicycling) and their corresponding attributes (e.g., cost, trip
duration, trip distance, and route). The advantage of the API is its capacity
to acquire the realistically available options for the same origin, destination
and departure time of each bike-sharing trip, with full considerations of
real road topology, transit network, and schedules. The outputs from the
Amap Direction API are summarized in Table 3.1. For taxi, walking, and
bike, the output information can be used directly. The public transport
involves several stages, including the access stage, in-vehicle stage, and
egress stage. For our empirical analysis, we consider the overall trip time
(i.e., the sum of time in different stages) of using public transit services, as
they are the direct indicators considered by the travelers when searching
routes in map navigators (e.g., Google map).
API type

Mode

Information

Walking results

Walking

Walking distance, duration
Walking route trajectory

Bike results

Bike

Bike distance, duration
Bike route trajectory

Public transit results

Bus, metro

Access distance, duration
In-vehicle distance, duration
Egress distance, duration
Transit distance, duration
Ticket cost
Transit route trajectory

Driving results

Taxi

Driving distance, duration
Cost
taxi route trajectory

Table 3.1: The information obtained from Amap API
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3.3.2.2

Trip-specific mode substitution estimation

After obtaining accurate information about the available alternatives for
a specific bike-sharing trip, the core is to estimate which transport mode
would the traveler choose for the trip if DLBS were not available. We make
the best of travel mode choice models to predict the replaced transport
mode by DLBS for a bike-sharing trip. Specifically, we employ the Mixed
Logit Model (MLM) to estimate the substituted mode by DLBS. The MLM
is a well-known and prevalent logistic regression for modeling travel choice
behavior (Greene et al., 2006). It has been widely employed to predict travelers’ choice behavior in terms of route, mode, and departure time choices
(Hensher and Greene, 2003). The method is based on the microeconomic
theories assuming that the travelers would make trade-offs among attributes
of available alternatives and select the one with maximum subjective utility.
The subjective utility Ujqm of transport mode j perceived by user q is:
Ujq =

∑ βqjk x jk + ASCjq +ejq

(3.1)

k

|

{z

Vjq

}

where x jk denotes the attribute k of transport mode j, such as travel cost
and time for a trip. The β qjk is the coefficient of attribute k and represents
the degree that user q values the attribute k of transport mode j. ASCjq
stands for user q’s unobserved predilections towards transport mode j
besides the influences of observed attributes. eqj is the random error term
for modeling stochastic in the utility of transport mode j perceived by the
user q (Greene et al., 2006). Different travelers have distinct weights on the
same attribute. For instance, some travelers have a higher value of time
than others and attach more weights to travel time. We further consider the
heterogeneity in perceptions among travelers by setting the coefficients in
the utility function to be random (Greene et al., 2006; Hensher and Greene,
2003). For simplicity, let β ∼ f (µ β , φβ ) be a representative coefficient in the
utility function. µ β is the mean value of the random coefficient and φβ is the
parameter denoting variances across different travelers. We set the random
coefficients to be truncated normal distributions, which merely keep the
95% confidence intervals of normal distributions (Zheng et al., 2014b; Gao
et al., 2018). Assuming that the alternative with the highest subject prospect
is preferred, the probability of user q choosing transport mode j is:
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Pjq = Prob{Ujq ≥ Uyq }

= Prob{Vjq + e jq ≥ Vyq + eyq }

(3.2)

= Prob{(Vjq − Vyq ≥ (eyq − e jq ))}
To deduce a mathematical form for the choice probability, the random error
components e jq are assumed to be identically and independent extreme
value distributions (i.e., the Logit model family) (Ben-Akiva and Lerman,
1985). Hence, we can obtain
Pjq =

Z

exp(Ujq )
d( β )
∑y∈Y exp(Uyq )

(3.3)

where Y is the set of available options for a user and β denotes the set
containing all the random coefficients to be estimated in the model.
To calibrate the coefficients in the model, we take advantage of a stated
preference (SP) survey concerning mode choice behavior in Shanghai, which
was collected in 2017 Gao et al. (2020a). The survey firstly asked the respondent about his/her commonly used transport modes for commuting and
its attributes (e.g., cost and travel time). The same information concerning
available but forgone other alternatives was collected as well to construct
an RP scenario. Afterward, the respondent is asked to complete SP scenarios about mode choices. The scenarios assumed three alternatives with
detailed attributes, including travel cost and travel time. The respondents
selected the preferred transport mode as per their preferences. More details about the survey design are available in Gao et al. (2020c,a). The used
dataset contains 1318 valid respondents, whose socioeconomic attributes
are summarized in Table 3.2. The maximum simulation likelihood method
by Train (2009) was applied to estimate a joint RP and SP model referring to
Schmid et al. (2019) and Gao et al. (2020a). The model calibration results are
shown in Table 3.3. The results provide quantitative outcomes about how
travelers weigh the attributes of different transport modes. Based on the
extracted information about all available options and their characteristics
in last section, the calibrated MLM could predict the mode choice if there
were no DLBS and obtain the probabilities of choosing different transport
modes.
It should be noted that our available dataset for MLM estimation did
not have the walking option and we could not estimate the coefficient of
walking time and unobserved predilection for walking ASCwalking . To solve
this, we referred to the value of time for walking from the relevant literature
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Age

< 30
30 ∼ 40
40 ∼ 50
50 ∼ 60

Education

Gender

53%

Below undergraduate

39%

Male

59%

37%

Undergraduate

48%

Female

41%

8%

Master or PhD

13%

2%

Table 3.2: The distributions of demographic attributes of respondents

(Abrantes and Wardman, 2011; Kamargianni and Polydoropoulou, 2013;
Wardman, 2004; González et al., 2017). We set the coefficient of walking time
to be twice as the estimated coefficient of travel time of bus in the model
and ASCWalking to be the same as bus as reported in the relevant literature.
On account that when the trip distance is very small such as 300 m, walking
is dominant and travelers would not consider other choices in most cases.
On the basis of statistics about the distributions of the travel distance of
different transport modes from the latest transportation investigation report
of Shanghai, we set a pruning criterion: if the trip distance of a bike-sharing
trip is less than 500 m, it replaces walking; if the trip distance is over 500
m, the calibrated MLM is used to estimate the probabilities of substituting
different modes. We did not consider that the DLBS replaced private car as
the substitution rates of DLBS to private cars was very low (less than 2%)
(Wang, 2019) and we could not know if a private car was available for the
recorded trip in the dataset.
3.3.2.3

Assessing GHG emission reduction due to DLBS

The GHG emission factors based on Life Cycle Analysis (LCA) are used
to calculate the GHG emissions of using a transport mode for a specific
trip. The used LCA method considers GHG emissions in the production
and operation phases. An emission factor is a representative value that
associates the quantity of GHG emissions of using a transport tool with an
activity related to the release of GHG emissions (Chen et al., 2020a). For
instance, an emission factor of 150 g carbon dioxide equivalent (CO2 -eq ) per
km denotes the GHG emissions of using the transport mode per kilometer
is 150 g CO2 -eq. On account that walking does not require mobility tools,
the emission factor of walking is set to be zero. For other transport modes
such as bus, taxi, metro, and bike, the emission factors are obtained by
considering the associated GHG emissions in production and operation
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Parameters

Value

Robust Std. Err.

Robust t-test

µcost

-0.0334*

0.00490

-6.81

φcost (SD )

0.0309*

0.00446

6.93

µtraveltime_bus

-0.0216*

0.00316

-6.83

φtraveltime_bus (SD )

-0.0104*

0.00151

-6.91

µtraveltime_car

-0.0228*

0.00342

-6.66

φtraveltime_car (SD )

-0.00454*

0.00106

-4.26

µtraveltime_metro

-0.0150*

0.00243

-6.19

φtraveltime_metro (SD )

0.00813*

0.00130

6.27

µtraveltime_taxi

-0.0147*

0.00340

-4.33

φtraveltime_taxi (SD )

-0.00748*

0.00188

-3.97

Scaling parameter for SP utilities

3.48*

0.506

6.89

Nested effect between metro and
bus

0.627*

0.0989

6.34

ASCCar ( RP)

3.26*

0.227

14.38

ASCCar (SP)

0.844*

0.130

6.49

ASC Metro ( RP)

1.44*

0.174

8.26

ASC Metro (SP)

0.173*

0.0473

3.66

ASCTaxi

-0.360*

0.117

-3.08

ASCBus

0(fixed)#

Note:
SD denotes the standard deviation.
* Represents the significance at the confidence level of 99%
#

ASCBus is always 0 as the reference option.

The nested effect between metro and bus is modeled by an error component
model (Gao et al., 2020c,a)
Table 3.3: The calibrated results of MLM

phases. The GHG emission per passenger kilometer in the production phase
Ep j is
Cp j
Ep j =
(3.4)
M j Nj
where Cp j is the overall GHG emissions from productions of transport
mode j, M j is the mileage life of transport mode j, Nj is the average
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passenger number during a trip. The mileage life refers to the overall
driving distance of a transport mode before scrapping. The mileage lives
of different transport modes in the contexts of Shanghai are listed in Table
3.4, which are attained from the statistics in Shanghai Almanac (2017). As
for the average number in a trip, Nbus is calculated by VAAPA
× DT based on the
annual passenger amount (APA) in the bus system of Shanghai, the vehicle
amount (VA), and the daily trips per vehicle (DT). The same calculation
method goes for the Nmetro . The relevant data are listed in Table 3.4. The
Ntaxi is assumed to be two (Wang, 2019). In terms of DLBS, Nbike = 1 since
one person can use a sharing bike for a trip. The mileage life of a shared
bike is measured by its average turnover per year (D), average trip distance
(R), and service year (T), i.e., Mbike = D × R × T. D and R are 981.85 and
1579.7 m as per our data, respectively. T is three years according to the
industry policy 2 .
The GHG emission per kilometer from the operation phase Eo j is formulated
as
Eo j = K j θ
(3.5)
where K j is the energy (such as fuel and electric) consumption per kilometer
of transport mode j, θ is the parameter relating the energy consumption to
corresponding GHG emissions. The emission of bike-sharing and walking
are zero in the operation period because they do not consume energy during
the operation. The final emission factor for transport mode j (Ej ) is the
summary of Eo j and Ep j . The calculated emission factors are demonstrated
in Table 3.5. The GHG emission factor of using transport mode j for a trip
GHGj is
GHGj = Ej ∗ Distance j
(3.6)
where Distance j is the travel distance of transport mode j in a trip. Using
public transits such as bus and metro also involves walking as shown
in Table 3.1. For instance, using bus for a trip include access distance to
starting station, taking the bus and egress distance from ending bus station
to the final destination. The GHG emissions of bus trips only consider the
GHG emissions from taking the bus because the walking do not produce
extra emissions.
The discrepancy between the GHG emissions of using the substituted
transport mode and using DLBS for a specific trip is regarded as the GHG
emission reduction from the trip due to using DLBS. For instance, if a trip
of using DLBS replaces a trip using a taxi with a probability p and using
2 http://newsxmwb.xinmin.cn/chengsh/2018/07/09/31404563.html
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a bus with a probability 1 − p, the GHG emission reduction of the trip is
estimated by p × GHGtaxi + (1 − p) × GHGbus − GHGbike .
After obtaining the GHG emission reduction for every single recorded bikesharing trip, we further calculate the aggregated GHG emission reductions
in all partitioned AZs. It is realized by comparing the GHG emissions in
two different situations. One is the aggregated GHG emissions in AZs
due to using DLBS. Another situation is the aggregated GHG emissions
using other alternatives if the DLBS were not to exist. For a given AZ, the
difference of the aggregated GHG emissions under the two situations is
treated as the reduced GHG emissions due to DLBS. For each trajectory,
the GHG emission using a transport mode is mapped to the AZs by the
following process. Figure 3.4 shows an example that a trajectory crosses five
AZs (A1, A2, A3, A4, A5). The trajectory is divided into five sub-trajectories,
partitioned by the boundaries of AZs. The GHG emission in each crossed
AZ is calculated by the distance of sub-trajectory in that AZ multiplying the
GHG estimation factor of the given transport mode. By using the mapping
method, GHG emissions in all the crossed AZs can be calculated for all
trajectories of using DLBS and other alternative transport modes for a
specific trip. After enumerating the process for all trips, the aggregated
GHG emissions under the above two scenarios in all AZs could be attained.

Figure 3.4: Example of trip division

3.3.3

The associations between built environment factors and the environmental
influences of DLBS

Our empirical analysis displays that the environmental benefits of DLBS
differ spatially over the study area. Therefore, we investigate the effects
of built environment factors on the environmental influences of DLBS to
reveal the underlying reasons for the spatial heterogeneity. We employ
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Annual mileage
(km/year)

Annual passenger
amount(p/y)

Vehicle number

Production GHG
emission (g CO2 eq)

Service
year

Average passenger
per
trip

Bus

1.35 × 109 (1)

2.39 × 109 (1)

16693 (1)

40928300 (2)

8

19.6

metro

8.43 × 107 (1)

3.40 × 109 (1)

681 (1)

10656350 (2)

30

116

Taxi

5.9 × 109 (1)

8.62 × 109 (1)

47271 (1)

6567200 (2)

6

2 (2)

(1)

Shanghai Almanac (2017)

(2)

Wang (2019)
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Table 3.4: The parameters for calculating production GHG emission
Emission factors (g CO2 -eq/km)

Bus

Metro

Taxi

Bike

Production

3.21
31.38 (2)

0.15

4.39

7.43

0

Operation

22.47 (2)

126.86 (2)

0

0

Total Emission

34.59

22.62

131.25

7.43

0

(2)

Walking

Wang (2019)
Table 3.5: The emission factors of different transport modes

a Multiple Linear Regression (MLR) method to examine the potential
associations between the quantified environmental influences of DLBS and
built environment factors in AZs. The formula of MLR is
Yi = α0 + ∑ αk Xki + ei

(3.7)

k

where Yi represents the dependent variable, i.e., the daily GHG emission
reduction in each AZ; αk is the coefficient of the independent variable Xki ,
and ei is the residual error. The adopted explanatory variables contain
the well-known 5-D built environment factors, including density, diversity,
design, destination, and distance to transit (Cervero et al., 2009). The definitions of the investigated built environment factors are summarized in Table
3.6.
These explanatory variables are calculated for each AZ based on multiple
data resources, including Point of Interest (POI) obtained from Amap,
GIS information about road networks provided by OpenStreetMap, and
population census from the Population Census Data (PCD) (Gao et al.,
2020b). The POI database provides 1,120,924 POIs in the area of Shanghai.
Each POI consists of the element name, address, element types, and location
(longitude and latitude). Population density (PD) in an AZ is obtained from
the statistics of PCD. On account that the partitioned zones in PCD were
not in line with the divided AZs in this chapter, we acquire the population
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density in each AZ as per the overlapping areas between the AZ and PCD
surveying zones referring to Gao et al. (2020b). The formulation to calculate
the population density in an AZ is
K

PDi =

Oik
· PD k
S
i
k =1

∑

(3.8)

where PDi is the imputed population density of AZ i, Si is the floor area of
AZ i, k is the index for PCD survey zones, PD k is the population density of
kth survey zone from PCD, Oik is the overlapping area of PCD survey zone
k and AZ i. The employment density (ED) is measured by the density of
POIs that can provide jobs, including POIs of commercial service, public
management and service. The built environment factors relating to land
use characteristics in each AZ is calculated using the POI database. We
categorize POIs into six categories of land-use types based on the land use
classification standards in China, including commercial land use, living land
use, public management, and service land use, industrial land use, road
and transport infrastructure land use, and park and square land use. By
mapping the POI into the partitioned AZs, the density of different facilities
and land use ratios of different categories in each AZ could be calculated.
Furthermore, the mixture of land use (MELD) is also investigated, calculated
by the entropy of land use (Li et al., 2020b). As for the built environment
factors concerning design, the data about the road network in Shanghai
from OpenStreetMap are used. The road densities of different road types
are extracted by mapping the road network with the AZs. Concerning
factors about transit such as accessibility bus and metro, we utilize the
indicators provided in Li et al. (2020b), metro station influence area ratio
(ARMetro) and bus station influence area ratio (ARBus). Each transit station
serves a certain area (i.e., influence area) instead of a point. The influence
area of a transit station, is defined as a buffer area around the transit station.
The ARMetro or ARBus is defined as the ratio of the overlapping area of
all the transit stations’ influence area and the AZ. In terms of the radius of
the buffer area for each transit station, we use the average distance of two
adjacent transit stations. Here, 158 m and 1025 m are set for measuring the
ARMetro or ARBus, respectively.
3.4

results

This section firstly presents the analysis results about the replaced transport
modes by DLBS in various travel contexts. Afterward, the results of the
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Explanatory variables
Density
Population density
Employment density

Definitions
Number of residents per unit area
Number of employment positions per unit
area

Unit

Abbreviation
2

persons/km

PD

number/km2

ED

%

CLUR

%

LLUR

%

PMSLUR

%

PSLUR

%

ILUR

Diversity
Commercial land use ratio
Living land use ratio
Public management and
service land use ratio
Park and square land use
ratio
Industry land use ratio
Mixture entropy of land
use

The floor area of commercial land use divided
by the floor space of an AZ
The floor area of the living land use divided
by the area of an AZ
The floor area of the public service land use
divided by the floor space of an AZ
The floor area of the park and square land use
divided by the floor space of an AZ
The floor area of the industrial land use
divided by the floor space in each AZ
The land use entropy is an indicator for
measuring the degree of land use mix. It is
calculated by pmi   pi ,k log ( pi ,k ) where pi , k

MELD

is the ratio of land use type i
Design
Motorway road density

Motorized road density
Branch road density
Bicycle lane density

The length of the motorway including the
arterial and motorway that not allow bicycling
in each AZ
The length of primary and secondary roads
that can be used by bicycles but prioritize
motorized vehicles in each AZ
The length of street, service and living roads
in each AZ
The length of dedicated lanes for bicycles in
each AZ

m/km2

MD

m/km2

MRD

m/km2

BRD

m/km2

BLD

number/km2

LFD

number/km2

EFD

number/km2

PSD

%

ARMetro

%

ARBus

Destination
Leisure facility density

Education facility density

Park and square density

The density of leisure facilities, and calculated
by the number of POI for each AZ
The density of education-related facilities and
calculated by the number of POIs belonging to
the category of school and education
institutions for each AZ
The density of park and square, and calculated
by the number of POIs belonging to the
category for each AZ

Transit
Metro station influence
area ratio

Bus station influence area
ratio

The ratio of the overlapping area of influence
area of all the metro stations and the AZ. The
influencing area of a metro station is defined
as a buffer area with a radius of 1025 meters
around the metro station.
The ratio of the overlapping area of influence
area of all the bus stations and the AZ. The
influencing area of a bus station is defined as
a buffer area with a radius of 158 meters
around the bus station

Table 3.6: The built environment variables and definitions

GHG emission reduction from DLBS in both overall and per-trip levels are
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analyzed. Lastly, the linkages between GHG emission reductions from DLBS
and built environment factors are provided with corresponding discussions.
3.4.1

Substituted transport modes by DLBS

For each trip using DLBS, we use tailored choice modeling to estimate
the probabilities of using different transport modes if DLBS did not exist,
named the substitution rate of DLBS to other transport modes. From the
statistical perspective, 30.7% of the trips using DLBS are replaced by walking
as per our empirical analysis. It is logical as DLBS mainly serves for shortdistance trips and many trips are less than 500 m. Therefore, DLBS is a
significant competitor of walking. The results indicate that 32.0%, 18.7%,
and 18.6% of trips using DLBS would be substituted by bus, metro, and taxi,
respectively, if DLBS were not available. However, the average substitution
rates of different transport modes to DLBS are not homogeneous. Figure 3.5
shows the estimated substitution rates of DLBS to other transport modes
in different trip distances. The trip distance (i.e., riding distance by DLBS)
is categorized with an interval of 500 m. It is observed that the substation
rate of DLBS to a certain transport mode is related to the trip distance.
The average substitution rate of DLBS to walking decreases sharply with
trip distance. When the trip distance is over 3 km, the substitution rate to
walking is nearly zero. It is in accordance with the reality as passengers
hardly adopt walking for long-distance trips. The substitution rate of DLBS
to taxi displays a declining trend with increasing trip distance. However,
the substitution rate to bus increases with trip distance, which reaches
a peak at around 2 km and then decreases with trip distance. The ratio
of DLBS replacing the metro is very low when the trip distance is less
than 1.5 km. This may be ascribed to the fact that the distance among two
metro stations is generally around 1.5 km and even larger in suburban
areas. Therefore, it is unnecessary to adopt the metro for trips below 1.5
km, which is the reason for the nearly zero substitution rate of DLBS to
metro for trips with a distance of less than 1.5 km. The substitution rate to
metro increases with trip distances over 2 km. Figure 3.6 demonstrates the
substitution rates of DLBS to other transport modes in different periods
of a day. It can be observed that the probabilities of DLBS replacing metro
and bus from 24:00 pm to 5:00 am are zero, which are ascribed to the fact
that the bus and metro systems are closed after around 23:00 pm and open
around 5:30 am in Shanghai. Therefore, DLBS is very likely to replace taxi
and walking during the midnight. The substitution rates of DLBS to metro
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and bus around commuting peak hours (6:00 am to 9:00 am and 17:00 pm
to 19:00 pm) are relatively larger as compared to other periods, which may
be ascribed to the fact that many travelers in Shanghai used DLBS in these
periods for commuting instead of public transits. The median substitution
rate of DLBS to the metro in different periods of a day is nearly zero, which
means that over 50% DLBS trips have very low probabilities of replacing
metro. The reason is that only when the trip distance using DLBS is over 1.5
km, DLBS has noticeable probability of replacing metro due to the distance
between metro stations as displayed in Figure 3.5d. Over 50% trips of using
DLBS have a trip distance of less than 1.5 km as demonstrated in Figure
3.2a and many places are not directly connected by metro systems due
to the low metro station density in Shanghai. However, if the origin and
destination of a long-distance trip (at least over 2 km) is directly connected
by metro systems and near metro stations, the travelers are very likely to
choose metro if DLBS were not to exist (i.e., the points with high probability
in Figure 3.6d) since metro system is much more reliable and faster as
compared to taking buses, and cheaper than using taxi in Shanghai. These
are the reasons for the observed patterns of the substitution rates of DLBS
to metro in Figure 3.6d.
More importantly, Figure 3.5 and Figure 3.6 indicate large variances in the
substitution rates of DLBS to a transport mode in spatial and temporal
dimensions. For instance, the substitution of DLBS to bus is zero at 3:00
am but noticeable in the daytime. For trips that have same distances and
departure time, the substitution rate of DLBS to a particular transport mode
still presents large variances. For instance, the substitution rate of DLBS
to bus in a trip distance of 2 km could range from 0 to 0.9. The probability
of choosing a transport mode is highly dependent on the availability and
superiority or inferiority of the option as compared to other options in terms
of level-of-service variables such as cost and travel time. For a specific trip,
the attributes of possible alternative transport modes are determined by the
transport network (e.g., road structure and transit network) and departure
time (e.g., the travel time of the bus is related to the matching degree of
departure time and bus scheduling). These lead to large divergences in
travelers’ probability of choosing a specific transport mode in different
urban contexts, even though the trips have the same distance, purposes,
and departure times. Therefore, it is necessary to consider the particular
travel contexts for a specific trip to estimate the substitution rate of DLBS
to different transport modes. The results confirm the superiority of our
proposed method in contrast to previous work. We improve the analysis
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accuracy to trip level. Our approach could address the variances in the
substitution rate of a transport mode with full considerations of the available
options and their attributes for a specific trip.

(a) Walking

(b) Taxi

(c) Bus

(d) Metro

Figure 3.5: Substitution rates of DLBS to different transport modes for different
trip distances. The data are grouped with a distance interval of 500
meters. The black line inside the orange box is the median value. The
upper and lower bound of the orange box are the third quartile and
first quartile.

3.4.2

Environmental influences of DLBS

The environmental influences of DLBS are analyzed from the overall, temporal, and spatial perspectives. Figure 3.7 illustrates the statistical distribution
of reduced GHG emissions from a bike-sharing trip. The results indicate
noticeable variances in the reduced GHG emissions across bike-sharing
trips. The amount of reduced GHG emissions from a bike-sharing trip is
related to the substituted transport mode and trip features (e.g., distance),
which essentially present considerable heterogeneities in the spatiotemporal
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(a) Walking

(b) Taxi

(c) Bus

(d) Metro

Figure 3.6: Substitution rates of DLBS to different transport modes in different
periods of a day.

dimensions. Therefore, the notable differences in GHG emissions across
different bike-sharing trips are logical. Interestingly, 35.26% of bike-sharing
trips have negative values in the GHG emission reductions, indicating these
trips of using DLBS increase GHG emissions. The reason is that some
bike-sharing trips would be replaced by walking if there were not DLBS.
However, the values of GHG emission reductions for most trips using DLBS
are positive, denoting a reduction in GHG emissions due to using DLBS for
the trip. On average, a bike-sharing trip could reduce about 80.77 g CO2 -eq
GHG emissions. The average daily ridership of DLBS as per our dataset is
1,663,091, so the estimated GHG emission reduction for one day and one
year is 134.33 t and 49030.63 t CO2 -eq, respectively. Our dataset covered all
the bikes from Mobike company, which were about 42% of all sharing bikes
of all companies in Shanghai3 . It could be deduced that the environmental
benefits from DLBS in Shanghai in term of reducing annual GHG emissions
is 116,739.58 t CO2 -eq. A typical gasoline passenger vehicle emits about 4.6
3 https://www.qianzhan.com/analyst/detail/220/180827-cc599d3f.html
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t CO2 -eq of GHG emissions per year4 . The estimated GHG reductions from
DLBS in Shanghai are equal to the GHG emissions of 25,378 passenger cars.
The results reveal that the environmental benefits of DLBS are immense
from the perspective of reducing GHG emissions.
From the temporal perspective, Table 3.7 displays the reduced GHG emission per day across the studied period. Differences are observed in the daily
overall GHG emission reduction between weekends and workdays. However, the average GHG emission reductions per trip across weekends and
workdays show no differences. The differences in daily overall GHG emission reduction may be mainly ascribed to the ridership on different days.
From the perspective of spatial distributions, Figure 3.8 further demonstrates the spatial distribution of daily aggregated GHG emission reductions
due to DLBS in all AZs. Figure 3.8b illustrates the GHG emission reduction
in the AZs located inside the out-ring circle (i.e., the purple line), most of
which are urban areas. The areas outside the out-ring circle are suburban
or rural areas of Shanghai. The GHG emission reductions due to DLBS in
urban areas are much larger than those in rural areas. The daily aggregated
GHG emission reductions in AZs show a radial pattern. The AZs near to the
city center have comparatively higher environmental benefits from DLBS.
These are probably due to more use of DLBS in the central areas. More
importantly, the results explicitly elucidate the significant variances in GHG
emissions reductions from DLBS in different urban contexts as displayed
in Figure 3.8b. The AZs with high GHG emission reductions are mainly
located in Yangpu, Hongkou, Jing’an, Huangpu, Putuo, Changning, and
Xuhui districts. Table 3.8 summarizes the environmental benefits from DLBS
of each administrative district in Shanghai. The districts such as Huangpu
and Hongkou have much more considerable GHG emission reductions per
unit area. The possible reason is that high intensities of commercial and
residential land use produce ridership of DLBS in these areas. The AZs that
are far from the city center mostly have less GHG emission reductions due
to DLBS. The potential explanation is that the usage amount of DLBS in
these areas are comparatively small. We observe some (even very few) AZs
present increased GHG emissions due to DLBS, which are marked by red
in Figure 3.9. The reason should be that the DLBS mainly replaces walking
in these areas (e.g., in a logistic park). If a bike-sharing trip substitutes
walking, it actually leads to increased GHG emissions.
Figure 3.9 further displays the spatial distribution of reduced GHG emissions per trip in all AZs. Again, the results reveal remarkable spatial vari4 https://www.epa.gov/greenvehicles/greenhouse-gas-emissions-typical-passenger-vehicle
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ances in the GHG emission reduction per trip. The average reduced GHG
emission per trip in rural areas is generally higher than that in urban areas,
which differs from the findings in the overall GHG emission reductions in
AZs. The GHG emission reduction per trip in an AZ is influenced by the
replaced transport modes by DLBS and trip features (e.g., distance). The
DLBS in suburban or rural areas is more likely to be used for relatively
long trips and has a high probability of substituting the taxi, due to lacking
convenient public transit services and low land-use intensity. These will
result in more GHG emission reductions per bike-sharing trip. In contrast,
urban areas have better access to public transit and convenient accessibilities
to different services in a short distance. Thus, the DLBS in urban areas has
a higher probability of replacing public transport and is used for shorter
trips as compared to rural areas, resulting in less GHG emission reduction
per trip.
Date

Overall
GHG
emission reduction [t CO2 -eq]

Trip number

Average
GHG
emission reduction per trip [g
CO2 -eq]

2018-08-26 (Sunday)

100.633

1251175

80.431

2018-08-27 (Monday)

146.754

1816128

80.806

2018-08-28 (Tuesday)

148.460

1836793

80.826

2018-08-29 (Wednesday)

147.044

1824887

80.577

2018-08-30 (Thursday)

148.027

1836778

80.590

2018-08-31 (Friday)

149.028

1855136

80.332

2018-09-01 (Saturday)

102.452

1290307

79.401

2018-09-02 (Sunday)

103.384

1309216

78.966

2018-09-03 (Monday)

130.415

1623008

80.354

2018-09-04 (Tuesday)

154.424

1897543

81.381

2018-09-05 (Wednesday)

157.588

1930774

81.619

2018-09-06 (Thursday)

154.745

1910511

80.997

2018-09-07 (Friday)

100.598

1217393

82.634

2018-09-08 (Saturday)

137.075

1683627

81.417

Table 3.7: GHG emission reduction in different days
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Figure 3.7: The distribution of GHG emission reduction (g CO2 -eq) per trip

(a) For the study area

(b) For the central area

Figure 3.8: Spatial distribution of the daily reduced GHG emissions in analysis
zones

3.4.3

Associations of built environments with the environmental benefits of DLBS

The above results indicate substantial variances in the GHG emission reductions from DLBS in different urban contexts. These imply the correlations of
the environmental benefits from DLBS with built environments. We employ
the MLR to examine the potential associations between the built environment factors and the reduced GHG emission in each AZ. All the examined
variables are listed in Table 3.6. To avoid the biases due to multicollinearity
among explanatory variables, we exclude the explanatory variables with
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Figure 3.9: Spatial distribution of the GHG emission reduction per trip in analysis
zones

the variable inflation factor (VIF) larger than five from the model. Besides,
we select the optimal model according to the corrected Akaike information
criterion (AICc) and the significance level of the explanatory variables. The
final results are summarized in Table 3.6. The adjusted R2 of the model
is 0.771, denoting that the model could explain 77.1% of variances in the
daily aggregated GHG emission across different AZs. The coefficients of
remaining explanatory variables are significant over the 95% confidence
level.
The aggregated GHG emission reductions due to DLBS in an AZ depend on
three aspects: substituted transport mode, trip distances, and the ridership
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District

Area

Population

Population

Overall

per area

(km2 )

(k)

density
(k/km2 )

CO2 -eq (t)

CO2 -eq (kg/km2 )

Huangpu

20.50

650.80

31.75

4.84

236.32

Hongkou

23.45

710.91

30.32

6.35

270.73

Jingan

37.37

1066.20

28.53

8.10

216.85

Putuo

55.53

1284.70

23.14

10.43

187.88

Yangpu

60.61

1312.70

21.66

10.88

179.50

Xuhui

54.93

1088.30

19.81

11.40

207.57

Changning

38.30

693.60

18.11

7.46

194.71

Minhang

372.56

2549.30

6.84

18.83

50.55

Baoshan

293.71

1904.80

6.49

7.90

26.89

Pudong

1210.00

5501.00

4.55

25.08

20.72

Jiading

462.20

1588.90

3.44

5.71

12.35

Songjiang

604.67

1764.80

2.92

8.29

13.72

Qingpu

676.00

1219.00

1.80

1.55

2.30

Fengxian

720.44

1155.30

1.60

6.56

9.11

Jinshan

613.00

798.00

1.30

0.89

1.46

Table 3.8: Daily GHG emission reductions due to DLBS in administrative districts

of using DLBS. Built environment factors influencing the three aspects
would influence the GHG emission reduction in an AZ. Particularly, some
factors may influence several aspects and have compound effects on the
GHG emission reductions from DLBS. For instance, the road density of
different road categories influences both the substituted transport modes
and trip distance of bike-sharing trips. The results indicate population
density (PD) and employment density (ED) positively affect the daily GHG
emission reductions, denoting AZs with a higher population or employment
density benefit more from DLBS. Higher PD and ED in an AZ mean more
usage demand of DLBS and larger daily ridership, which are expected
to create more GHG emission reductions from DLBS. For the examined
explanatory variables regarding diversity, only commercial land use ratio
(CLUR) shows a significant influence on the environmental benefit of
DLBS. AZs with higher CLUR present less GHG emissions reductions.
The commercial areas in Shanghai are generally surrounded by public
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transit and parking facilities. DLBS in areas with high CLUR may mainly
serve as the connection tool from transit stations or parking lots to the
final destinations. In such cases, the bike-sharing trips are short-distance
and are likely to substitute walking rather than automated choices. As for
explanatory variables about design, the motorway density (MD), motorized
road density (MRD), and bicycling lane density (BLD) have significant and
positive relations with the daily GHG emission reduction in AZs. These
indicate AZs with higher MD, MRD, and BLD have more GHG emission
reductions from DLBS. Higher MD and MRD in an AZ implies that travelers
have a higher probability of using automated modes for traveling rather
than walking if DLBS did not exist. Therefore, the DLBS in these areas are
more likely to replace trips of automated modes (e.g., car and bus), and
thus have higher GHG emission reduction due to DLBS. AZs with more
BLD are more friendly for using DLBS and could increase both ridership
and substitutions of DLBS to automated modes, which lead to higher
environmental benefits. However, the branch road density (BRD) is found
to be negatively related to the GHG emission reductions from DLBS. The
potential explanation is that the branch road is friendly for walking. The
DLBS in AZs with high BRD may mainly replace walking. In terms of
variables about destination, AZs with a higher education facility density
(EFD) have higher environmental benefits from DLBS, while the park and
square density (PSD) present a negative impact on the GHG emission
reduction. DLBS is a prevalent tool for students, especially college students,
to get access to surrounding services in Shanghai. This may be the reason
for higher GHG emission reduction in AZs with higher EFD. The negative
influence of PSD is because DLBS is generally prohibited inside parks and
squares and thus less usage of DLBS in AZs with higher PSD. Concerning
variables related to transit stations, ARMetro is positively related to GHG
emission reductions. Higher ARMetro means more convenience to use
metro systems. As a popular feeder to metro stations, DLBS is expected
to create more GHG emission reduction by replacing other feeder choices
such as bus and taxi. However, the ARBus is negatively linked to the
GHG emission reductions from DLBS. The convenience of using buses
(i.e., higher ARBus) would reduce not only the number of bike-sharing
trips but also the probability of using a taxi for the trip if DLBS were
not available. In short, the results of the above analysis reveal that the
influences of built environment factors on the environmental benefits from
DLBS. The quantitative estimation provides insights into how the urban
contexts could influence the GHG emission reductions from DLBS. The
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results could be utilized for evaluating the societal benefits of DLBS as per
the built environment in different urban contexts, for the planning and
cost-benefit analysis regarding DLBS.
Variables

Coef.

Std. Err.

t

P

VIF

Constant

0.259

0.004

59.148

0.000*

0.000

PD

0.229

0.008

30.007

0.000**

3.034

ED

0.210

0.007

29.723

0.000**

2.618

-0.019

0.005

-4.277

0.000**

1.077

0.056

0.004

12.579

0.000**

1.032

Density

Diversity
CLUR
Design
MD
MRD

0.060

0.006

9.824

0.000**

1.944

BRD

-0.014

0.005

-2.767

0.006**

1.263

BLD

0.028

0.005

6.036

0.000**

1.116

EFD

0.099

0.006

17.501

0.000**

1.679

PSD

-0.011

0.005

-2.149

0.032*

1.313

ARSubway

0.125

0.006

20.996

0.000**

1.845

ARBus

-0.046

0.007

-6.887

0.000**

2.377

Destination

Transit

R2 :

0.772

Adjusted R2 : 0.771
** and * Significant at the 0.01 and 0.05 level, respectively
Table 3.9: Results of the MLR model

3.5

discussion and conclusions

The environmental benefit of bike-sharing systems is one of the main motivations of developing them in urban contexts. This chapter proposes a
novel framework for assessing the environmental benefit of bike-sharing
systems leveraging passive transaction record data and trip-specific mode

3.5 discussion and conclusions

substitution estimations. The proposed approach can decipher how the
DLBS replaces other transport modes for a trip and estimate the GHG
emission reduction due to the DLBS in different travel contexts. An empirical analysis in Shanghai of China is conducted. We take advantage of
the multi-mode routing techniques to acquire the trip details (e.g., route
and distance) of a bike-sharing trip, and other available transport modes
(as well as their attributes) in the real transport network for the same trip.
Based on the detailed information, a Mixed Logit Model is used to estimate
the substitution rates of DLBS to different transport modes for each specific
bike-sharing trip. The GHG emission reduction from each bike-sharing trip
is assessed using LCA methods and aggregated to calculate the overall
environmental benefits of DLBS. The spatial heterogeneity in the GHG
emission reductions from DLBS and the influences of the built environment
are investigated as well. The main findings could be summarized as follows.
The substitution rates of DLBS to different transport modes have substantial
variances in both spatial and temporal dimensions, and highly depend on
travel contexts. For trips with the same distance and departure time, the
substitution rates of DLBS to a transport mode show considerable differences. Therefore, it is necessary to estimate the trip-specific substitution
rates of DLBS to different transport modes in assessing the GHG emission
reductions from DLBS.
On average, each bike-sharing trip of DLBS in Shanghai can save 80.77 g
CO2 -eq GHG emissions as compared to the scenarios without DLBS. The
environmental benefits from DLBS in Shanghai in terms of reducing annual
GHG emissions are estimated to be 116,739.59 t CO2 -eq, which are equal
to the GHG emissions of over 25,378 typical gasoline vehicles. The results
reveal DLBS can bring substantial environmental benefits in urban contexts.
From a spatial perspective, the overall environmental benefits were much
larger in the center areas than in rural areas. However, the GHG emission
reduction per bike-sharing trip in rural areas is larger than that in central
regions.
Spatial heterogeneity exists in the environmental benefits of DLBS in urban contexts, and the built environments are identified to have significant
influences on the GHG emission reductions from DLBS. More specifically,
built environment factors, including population density, employment density, motorway road density, motorized road density, bicycle lane density,
education facilities, and accessibility to metro stations, are significantly
and positively related to more GHG emission reductions due to DLBS.
Commercial land use ratio, park and square density, and accessibility to
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bus stations have negative associations with the overall GHG emissions
from DLBS.
Although this chapter makes a novel contribution to the quantitative assessment of the environmental benefits of DLBS, there are some limitations that
we would like to point out and could be further investigated in the future.
In our analysis, we do not consider the substitution of DLBS to private cars.
It is impossible to know whether the user could use private transport modes
(e.g., private electric bike and private vehicle) since DLBS transaction data
contain no user information. Although the substitution percents of DLBS to
personal electric bikes and private cars are very low (less than 3%) (Wang,
2019), it is more accurate to consider the possible availability of electric
bikes and private cars based on other data resources. Notwithstanding,
our proposed method can consider all the alternative transport modes as
long as corresponding data are available. Moreover, a more comprehensive
and detailed life cycle assessment for GHG emissions of different transportation modes is needed to improve the estimation of GHG emissions
reductions. Other aspects of DLBS, such as trucks for rebalancing, also
contribute to the overall GHG emissions of DLBS. Bikes in the DLBS may
be produced with different materials or managed with various maintenance
and disposal processes. These will influence the GHG emissions of DLBS
as well, which should be addressed based on more comprehensive data.
Besides, we can only consider the available bikes in our dataset. However,
some bike-sharing companies prefer to allocate more bikes than needed to
expand their market. The redundant bikes will damage the efficiency of a
bike-sharing system and increase extra GHG emissions in the production
process.

4
ACCESSIBILITY FOR DIFFERENT TRIP PURPOSES

Li, A., Y. Huang, and K. W. Axhausen (2020) An approach to imputing
destination activities for inclusion in measures of bicycle accessibility, Journal
of Transport Geography, 82 (102566)
4.1

introduction

Bicycling, associated with various health benefits, is an environmentally
friendly alternative to motorized transportation in urban areas. This makes
it important in land use and transport policy (Fishman, 2015). In the past
few years, with the rapid development of bike-sharing systems, such as
Mobike, Lime, JUMP Bikes, etc., the bicycle has become popular again
in many cities (Fishman, 2015; Kabra et al., 2020). Additionally, bicycle
accessibility has received increasing attention recently (Lowry et al., 2012;
Guerra et al., 2012; van Wee, 2016; Miller, 2018): for example, accessing retail
locations (Prins et al., 2014; Arranz-López et al., 2018) and transit service
stops (Rietveld, 2000; Givoni and Rietveld, 2007; Zuo et al., 2018).
Existing work on bicycle accessibility has two major limitations. First, although bicycle accessibility differs by trip purpose (Miller, 2018), most
of the existing studies focus only on certain specific types (Iacono et al.,
2010; Saghapour et al., 2017). Second, existing work is highly dependent on
questionnaire-based travel survey datasets. This type of dataset is expensive,
so usually has limited population coverage. Moreover, the datasets may
sometimes not be reliable due to discrepancy between perceived and actual
distance or time. Both distance and time are essential to estimate accessibility models (Yang and Diez-Roux, 2012). A survey with GPS tracking can
record real trajectories, but it still suffers from generally small datasets.
To address these two limitations, we aim to measure bicycle accessibility
for various purposes by using a massive dockless bike-sharing dataset that
passively records location and duration of each bicycle trip accurately, at
low cost. Specifically, we introduce the Dirichlet-multinomial regression
topic model (DMR model) to impute purposes for all bicycle trips. The DMR
model is validated by illustrating spatial distributions of recognized trip
purposes. Impedance functions are then estimated for different activities
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based on distance and duration; finally, we measure bicycle accessibility
based on a gravity model. The proposed method is tested using two cases
in Shanghai, China.
Major contributions of this paper include: (I) measuring bicycle accessibility
using dockless bike-sharing data, (II) introducing the DMR model to impute trip purposes for bicycle trips from bike-sharing data, simultaneously
considering spatiotemporal information and (III) estimating impedance
functions of bicycle accessibility for various trip purposes.
The rest of the paper is organized as follows. Section 4.2 presents a literature
review on bicycle accessibility measurement. Section 4.3 elaborates detailed
bicycle accessibility measurement processes, including datasets, trip purposes identification, impedance function measurement and accessibility
calculation. Section 4.4 analyzes the results; discussions and conclusions
are provided in Section 4.5.
4.2

background

Recently, bicycle accessibility has attracted increasing attention (van Wee,
2016; Schramka et al., 2018). For example, Prins et al. (2014) analyzed bicycle
and walking accessibility to grocery stores or markets for older people,
where parameters for distance decay models were estimated based on
gender, age and functional limitations. Arranz-López et al. (2018) evaluated
relative cycling accessibility for daily, weekly and incidental retail activities.
(Zuo et al., 2018) compared transit accessibility for cycling and walking,
showing that transit service was available for more people via bicycle than
walking.
These previous studies focus only on certain specific trip purposes, such
as employment, retail service, and transit service. However, bicycle accessibility to various trip purposes is increasingly important to urban planning
(Saghapour et al., 2017). Iacono et al. (2010) calibrated the distance-decay
model for five types of trip “purposes” (i.e., work, shopping, school, restaurant, and recreation) and developed an accessibility measure for both walking and bicycling. (McNeil, 2011) proposed a bicycle accessibility score by
summing weights within a 20-minute ride. These weights were determined
by the authors and assigned to 24 destination types. Saghapour et al. (2017)
introduced a new index (Cycling Accessibility Index) to quantify bicycle
accessibility. It was calculated using a GIS approach and applied to four
types of trip purposes (i.e., education centers, health and care facilities,
community services and retail and recreation centers).

4.3 methodology

Another bicycle accessibility measuring issue is data accuracy. Most existing studies are based on data collected from traditional travel surveys
(Iacono et al., 2010; Wang et al., 2018). These data may not be reliable and
cannot record the actual trip distance and duration (Yang and Diez-Roux,
2012; Arranz-López et al., 2018). Some algorithms (i.e., a shortest-distance
algorithm) were utilized to calculate distances based on reported origindestination pairs (Flamm and Rivasplata, 2014; Millward et al., 2013). However, these methods still cannot estimate the actual routes (Zuo et al., 2018).
Some GPS-aided surveys can record sample points with time stamps and
spatial information, which yield accurate trip distances (Prins et al., 2014;
Zuo et al., 2018). However, data obtained from GPS still suffers from limitations due to high cost, like small sample sizes. Recently, bike-sharing
systems have developed in many cities (Fishman, 2015); these can generate a
large volume of GPS trajectories passively at low cost. Such GPS trajectories
typically cover the entire population; thus, they can be used to provide
accurate estimation for the bicycle accessibility. Although bike-sharing data
has been applied in some research fields, such as bike lane planning (Bao
et al., 2017a), environmental benefit estimation (Zhang and Mi, 2018) and
bike-sharing behavior studies (Shen et al., 2018), to the best of our knowledge, this is the first work that uses bike-sharing data to measure bicycle
accessibility.
4.3

methodology

This section introduces the two datasets and the DMR model used in
this paper in Section 4.3.1, Section 4.3.2 Identify trip purposes, respectively.
Based on the imputation result, Section 4.3.3 Estimating impedance function
parameters, Section 4.3.4 Measuring bicycle accessibility explain how to
measure bicycle accessibility for all the obtained purposes.
4.3.1

Data

Two datasets were used in this chapter: a bike-sharing dataset and a Point
of Interest (POI) dataset.
The bike-sharing dataset is obtained from Beijing Mobike Technology Company, one of the largest dockless bike-sharing companies in China. The
dataset contains 1,023,603 trips, accounting for approximately 56.62% of
total bike-sharing trips performed in Shanghai during August 2016 (Zhang
and Mi, 2018). Each trip contains order ID, pick-up point, pick-up time,
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drop-off point, drop-off time and trajectory sample points. To reduce errors
and extreme value impacts, we only consider the trips whose trip distance
and duration are between the 1st (301 m and 180 s) and the 99th percentile
(11,594 m and 5220 s), in 990,821 trips.
The POI dataset is provided by AutoNavi (also known as Gaode Map), a
navigation company in China. The dataset contains 513,549 POIs with their
locations and categories shown in TABLE 4.1.
Code

POI Category

Code

POI Category

1

Car Sales

22

Phone Finishing

2

Car Repair

23

Baby Service Place

3

Motorcycle Service

24

Sports Stadium

4

Chinese Restaurant

25

Recreation Center

5

Foreign Restaurant

26

Theatre & Cinema

6

Fast food Restaurant

27

Hospital

7

Cafe/Tea

28

Pharmacy

8

Leisure Food

29

Hotel

9

Shopping Mall

30

Park & Square

10

Convenience Store

31

Scenery Spot

11

Electronic Products Store

32

Residential

12

Supermarket

33

Governmental Organization &
Social Group

13

Plants & Pet Market

34

Museum

14

Furniture Building Material Market

35

Exhibition Hall

15

Sport/Stationary Shop

36

Library

16

Clothing Store

37

Media Organization

17

Post Office

38

School

18

Telecom Office

39

Transport Service

19

Water Supply Service Office

40

Bank

20

Electric Supply Service Office

41

Insurance Company

21

Beauty and Hairdressing Store

42

Company and Business

Table 4.1: POI list of categories

4.3 methodology

4.3.2

Identify trip purposes

FIGURE 4.1 is a flowchart of the proposed method. We first define areas
(DAs) containing possible destinations (Section 4.3.2.1). Next, the DMR
model is employed to obtain three matrices describing the relationship
between the DA, Latent activity (LA), POI, and Time (Section 4.3.2.2). These
matrices are then used to annotate the trip (Section 4.3.2.3). Finally, we
visualize trip purposes in space to verify the annotated results (Section
4.3.2.4).

Figure 4.1: Flowchart of the proposed method

4.3.2.1

Destination area

Although bike trips contain drop-off points, these points cannot be used
directly, for two reasons. First, the drop-off point for each trip is not the
exact activity location. For example, if users go to a shopping mall, they
have to leave bicycles in the parking area. Second, the recorded location is
not always accurate because of GPS errors.
To profile cyclists’ real activity places, we define the Destination Area (DA)
(FIGURE 4.2). All points in the DA are within a Euclidean distance threshold
δ, determined by the method in Gong et al. (2015). Percentages of drop-off
points that contain at least one candidate POI with a δ ranging from 5 m to
200 m are shown in FIGURE 4.3. The curve remains stable when δ reaches
around 100 m. Therefore, we adopt δ = 100m in this chapter.
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Figure 4.2: Destination area

Figure 4.3: Percentage of drop off points with at least one candidate POI in
different maximum walking distances

4.3 methodology

4.3.2.2

Topic modeling

Concept of topic models: Probabilistic topic models have been used to
discover latent topics from a large volume of documents. The basic idea is
that each document in the corpus is a mixture of topics and each word in a
document represents a certain topic. Given all the words of each document
in the corpus, a topic model is trained to infer hidden topics that help to
understand documents’ structure. Latent Dirichlet Allocation (LDA) is a
basic topic model (Blei et al., 2003). The documents also contain additional
metadata information like publication date, which can also account for
latent topics. A general-purpose method, the Dirichlet Multinomial Regression topic model (DMR model), can be applied to metadata to incorporate
arbitrary features (Mimno and McCallum, 2008). Besides text analysis, topic
models can be applied to model other data, such as floating-car data (Yuan
et al., 2012).
The analogy between topic models and trip purposes identification: in
our case, each DA has a variety of POIs, analogous to a document with
various words. The latent topic describing document structure corresponds
to latent activity (LA) for the trip. Details for this analogy are shown in
TABLE 4.2; an example is illustrated in FIGURE 4.2. For a specific bicycle
trip, circular area DA corresponds to a document, and five POIs serve as
words in that document. In this image, two LAs (shopping and dining),
which are the multiple topics in this document, exist in the DA.
Our case

Original LDA

Destination Areas (DAs)

Documents

Latent activities (LA)

Topics of a document

A POI in a DA

A word in a document

POIs in all destination areas

Vocabulary

Arrival time

Metadata of a document

Table 4.2: Analogy from destination-types to document-topics

Moreover, people prefer performing different activities at diverse times.
Arrival time could be regarded as the metadata information of each DA; it
helps identify activities. We represent time in a week as a vector by dividing
it into 24 bins: 12 bins for weekdays and 12 bins for weekends (TABLE
4.3). Time features are denoted as xi = ( xi1 , xi2 , ..., xiT , 1), where T is the
number of time bins. xir = 1 when arrival time belongs to the rth time bin,
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otherwise xir = 0. The last “1” accounts for the mean value of the topic
(Mimno and McCallum, 2008).
Weekday
index

weekend
index

Weekday
index

Weekend
index

1:00 ~2:59

1

13

13:00~14:59

7

19

3:00 ~4:59

2

14

15:00 ~16:59

8

20

5:00 ~6:59

3

15

17:00 ~18:59

9

21

7:00 ~8:59

4

16

19:00 ~20:59

10

22

9:00 ~10:59

5

17

21:00 ~22:59

11

23

11:00 ~12:59

6

18

23:00 ~00:59

12

24

Time

Time

Table 4.3: Bins of arrival time

As presented in FIGURE 4.4, the generative process of the DMR model is:
1. For each latent activity LA
a) Draw λk ∼ N (0, σ2 I )
b) Draw φk ∼ D( β)
2. Given the ith DA
a) For each purpose LA, let αi,k = exp( xiT λk )
b) Draw θi ∼ D(αi )
c) For the nth POI in the ith DA ωi,n
i. Draw zi,n ∼ M(θi )
ii. Draw ωi,n ∼ M(φzi,n )
Where, M, D , N are the multinomial distribution, Dirichlet distribution
and Gaussian distribution. The nth observed POI of ith DA is ωi,n . θ and β
are the prior parameters for the DA-LA and LA-POI distributions. K is the
number of topics. R is the number of DA. More discussion about the DMR
model can be found in (Mimno and McCallum, 2008).
Given DAs, POIs and time features of all bicycle trips, we implement the
DMR model using the Mallet toolkit (McCallum, 2002) and obtain three
matrices:
(1) DA-LA matrix: each row represents a DA. The elements in a row
represent weights of LAs in this destination area.

4.3 methodology

Figure 4.4: The structure of the DMR model

(2) LA-POI matrix: each row represents an LA. An element represents
number of POIs in the corresponding LA.
(3) LA-Time matrix: each row represents an LA. The elements in a row
represent weight distribution of time for this LA.
4.3.2.3

Trip purposes annotation

Based on matrices obtained from the DMR model, we annotate trip purposes
for each trip in two steps: 1) annotating each LA with an activity based
on LA-POI and LA-Time matrix; 2) annotating each trip with an activity
distribution based on DA-LA matrix. To annotate the LA with a real activity,
we considered these three aspects:
(1) Internal density (ID). IDij = Nij /Nj .
(2) External density (ED). EDij = Nij /Ni (see TABLE 4.4 for an example).
(3) Distribution of LA in the time dimension (see FIGURE 4.5 as an
example).
Where Nij is the number of ith POIs in jth LA, Ni is the number of ith POIs.
Nj is the number of POIs in jth LA.
4.3.2.4

Spatial distribution of imputed trips

The visualization of imputed bicycle trips could 1) reveal features of activity
distribution in space; 2) verify feasibility of activity imputation results.
We first divide the area into a grid. The length of each side is the distance
threshold δ of the DA (100 m). All trips are allocated to these cells according
to their drop-off points. Each cell contains many trips with distributions
over different activities. Let wi,k,j represent jth activity weight for the kth trip
in the ith grid, which is also the weight of jth activity in the corresponding
DA in DA-LA matrix. Number of trips in the ith cell is nk ; total number of
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LA

POI

ID

ED

LA

POI

ID

ED

LA0

Hotel

0.525

0.658

LA1

CorBusi

0.716

0.874

LA2

LA4

LA6

LA8

Hospital

0.326

0.930

Gov/Soc

0.050

0.176

Pharmacy

0.063

0.283

Caf/Tea

0.032

0.214

School

0.022

0.034

School

0.025

0.069

ConvStor

0.020

0.034

Bank

0.022

0.254

Residence

0.450

0.877

ChiRest

0.414

0.571

LA3

Gov/Soc

0.275

0.701

ConvStor

0.112

0.606

ConvStor

0.074

0.191

BeaHair

0.077

0.188

BeaHair

0.04

0.046

FastRest

0.068

0.326

FurBuil

0.046

0.157

FurBuil

0.809

0.709

CarRepa

0.047

0.581

Transit

0.028

0.182

BeaHair

0.421

0.573

RecCen

0.087

0.361

LA5

School

0.054

0.127

CorBusi

0.034

0.016

CorBusi

0.049

0.050

ElecStor

0.033

0.063

Hotel

0.048

0.110

ChiRest

0.510

0.349

CarSale

0.026

0.430

ElecStor

0.410

0.624

ElecStor

0.124

0.608

ChiRest

0.081

0.023

LA7

ForRest

0.057

0.850

ClothStor

0.075

0.205

LeisFood

0.050

0.555

SpotStor

0.066

0.078

BeaHair

0.04

0.131

LeisFood

0.064

0.025

LA9

School

0.517

0.677

ClothStor

0.818

0.873

SpotStad

0.127

0.416

SpotStor

0.055

0.595

Transit

0.060

0.256

LeisFood

0.034

0.142

Gov/Soc

0.047

0.078

BeaHair

0.021

0.036

CorBusi

0.044

0.025

FurBuil

0.018

0.018

Table 4.4: Overall POI density and Ranking
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Figure 4.5: LA distribution in the time dimension

activities is J. Then, probability of the jth activity being performed in the
ith cell is gi,j :
nj

gi,j =

4.3.3

∑k=1 wi,k,j
J

n

k
∑ j =1 ∑ k =
1 wi,k,j

(4.1)

Estimating impedance function parameters

Impedance function is used to describe willingness of cyclists to travel to a
destination as a function of cost (distance, time, etc.); it is a component of
accessibility (Iacono et al., 2010; Yang and Diez-Roux, 2012; Arranz-López
et al., 2018). The impedance function obtained by fitting to a real dataset
provides a continuous description of cycling probability at different costs.
Since bicycling is a short-distance mode, the negative exponential form
is applied. In addition, we assume that cyclists are sensitive only above a
certain cost threshold a. The impedance function is:
(
1 ( x ≤ a)
P( x ) =
(4.2)
e−b∗( x− a) ( x > a)
where P( x ) denotes cumulative percentage of trips with a cost equal to
or greater than the given cost x. b indicates the decay parameter to be
estimated by real data. a is the cycling cost threshold, set to a constant
based on the threshold in Section 4.3.1 (0.3 km for distance and 3 min
duration).
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Cumulative percentage of trips P( x ) is calculated in descending order to
estimate impedance functions’ parameters. Functions are fitted on cumulative percentages for different purposes by using non-linear ordinary least
squares (OLS) regression.
4.3.4

Measuring bicycle accessibility

Accessibility models can be grouped into three categories: 1) cumulative
opportunity models, which count the number of activity places reachable
within a predetermined time or distance; 2) gravity-based models, which
measure the cost between origin and destination using an impedance
function and 3) utility-based models, which are more suitable for individual
accessibility because they incorporate individual preferences (Ding et al.,
2018). In this chapter, we measure accessibility for different places, adopting
the gravity-based model that has also been widely used in non-motorized
accessibility studies (Iacono et al., 2010; Lowry et al., 2012; Millward et al.,
2013; Prins et al., 2014; Ding et al., 2018).
To calculate accessibility, we divide the study area into a grid, as in Section
4.3.2.4. Bicycling is a slow mode, thus not the typical first choice for trips
with high costs (long distance and time). Therefore, we consider only cells
within a certain cost (γ). In addition, cell accessibility near the study area
border was underestimated because they access fewer destinations than
central cells. To correct for this, we discounted accessibility by dividing the
number of cells within γ. For each type of activity, accessibility measure
used in this chapter is:
Ai =

∑ j≤i Nj P( xij )
( xij < γ)
Nk i

(4.3)

where Ai is accessibility for the zone i; Nj is number of target POIs in
the destination zone j; N is the total number of target POI across all cells;
P(·) is the imputation function (Eq. 4.2 ); xi,j denotes the cost between
zones i, j and k i denotes number of cells within cost level γ (set as trip cost
median value). After calculating accessibility values for all cells, they were
normalized by dividing with max accessibility value.

4.4 results

4.4
4.4.1

results
Latent activity annotation results

As mentioned in Section 4.3.2.3, partial results for ID, ED are listed in
TABLE 4.4. The LA-Time matrix is illustrated in FIGURE 4.5. Based on these
results, we annotated each LA with activities as follows:
LA0: Hospital. Although “Hotel“ is the most characteristic POI category in this LA (ID), the following two POI types, "Hospital“ and
"Pharmacy“, are hospital-related. In fact, most hospitals are associated with LA0, (hospital ED is 93.0%). Thus, we annotated this LA as
Hospital. Two reasons for ranking "Hotel“ first are: 1) there are more
hotels than hospitals; 2) the "Hotel“ POI contains a large number
of budget hotels, generally intended for patients coming from other
cities.
LA1: Work-Related. The most characteristic POI category in this LA
is "Company and Business“, also with the highest ED. The secondranking POI is "Governmental Organization & Social Group“, also
regarded as workplaces. In addition, from FIGURE 4.5, we see that
the LA1 curve peaks at about 9 a.m. and reaches its lowest point at
about 9 p.m. on weekdays, consistent with a typical work schedule.
LA2: Home-Related. "Residence“ POIs represent the highest share of
POIs within this LA and also rank first in terms of ED. The following
POIs are auxiliary POIs for residential areas like "Governmental Organization & Social Group“ and "Convenience Store“. In addition, this
LA peaks in the evening, reaching its lowest point in the morning; the
number of bicycles decreases as residents go to work in the morning
and increases when they return in the evening. "Governmental Organization & Social Group“ ranks second; certain local councils, like the
neighborhood committee, are usually distributed around residential
areas.
LA3 and LA6: Nighttime dining and Daytime dining. In both LAs,
restaurants make up the highest proportion of POIs. In LA3, the largest
POI category is "Chinese Restaurant“, followed by "Convenience Store“
and "Beauty and Hairdressing Store“. In addition, most "Chinese
Restaurants“ belong to LA3. In LA6, the first four highest-ranking POI
categories are restaurant-related. In FIGURE 4.5, the LA3 curve peaks
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at around 10 p.m. while the LA6 line peaks between 11 a.m. and 1
p.m. weekdays. Thus, we annotate LA3 as nighttime dining and LA6
as daytime dining.
LA4: Beauty & Recreation. Most popular POI category in this LA
is "Beauty and Hairdressing Store“, which also has the highest ED.
"Recreation Center“ ranks second in this LA. In addition, from FIGURE 4.5, the curve of LA4 peaks at about 10 p.m. and LA4 has lower
daytime popularity. The reason for this time distribution is that people
have more free time to enjoy entertainment at night.
LA5, LA7, and LA9: Home Building Shop, Electronics Shop, and
Clothing Shop. The three LAs are shopping-related activities. The top
POI categories of these three LAs are: "Furniture Building Material
Market“, "Electronic Products Store“ and "Clothing store“. For LA5,
second is "Car Repair“, which only occupies 4.7% in this LA, while
"Furniture Building Material Market“ occupies 80.9%. For LA7, although "Chinese Restaurant“ ranks second, it only occupies 2.3% of
this type of POI. As for LA9, the second one is "Sports Store“, which
includes sportswear stores like Adidas or Nike.
LA8: School. The most characteristic POI category in this LA is
"School“. "Sport Stadium“ ranks second because many high schools
and universities in Shanghai open their sports centers to the public in
the evening. The time distribution of LA8 has no obvious peak point
or low point, consistent with School activity.
4.4.2

Spatial distribution of recognized activities

To validate the DMR model for activity imputation, we map spatial distribution for each activity in FIGURE 4.6, where each subfigure represents an
activity and a darker color represents a higher possibility that the activity is
associated with the corresponding cell. The dashed and solid lines delineate
main areas containing the corresponding activity for the first and second
groups, respectively. These activities can be categorized into two groups
based on distribution and density of the dark cells.
The first group includes five activities, i.e., (1) Home (2) Work (7) Daytime
Dining (8) Nighttime Dining and (9) Beauty & Recreation, distributed across
the entire study area; differences exist between them. The darker cells of
Work activity are concentrated in the center, while Home activity is mainly
distributed in the study area periphery. In addition, most darker cells of
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Nighttime Dining activity are distributed in the north and east part of the
study area, close to the Home-related area, while dark cells of Daytime
Dining activity are concentrated in the central study area, close to the
Work-related area. This is because Nighttime Dining provides service for
residents after going back home in the evening; Daytime Dining serves
residents during working hours. Beauty & Recreation activity, a service for
residents, is distributed in both Home- and Work-related area.
The second group includes the other five activities, i.e., (3) School (4) Clothing Shop (5) Electronics Shop (6) Home Building Shop and (10) Medical,
concentrated in a few cells. For the School activity, Tongji University is
located in place A, while Shanghai Jiao Tong University is located in place
B. The other dark cells represent other universities like Donghua University
and secondary schools. Another famous university, Fudan University, is not
denoted, because it is not located within the study area. For the Clothing
Shop activity, place A is a clothing wholesale market, and place B is filled
with shopping malls with a mixture of clothes and other goods. Thus,
colors in place B are lighter than those in place A. For the Electronics Shop
activity, place A has the biggest electronic markets in Shanghai; streets are
filled with electronic stores. Some small individual electronic markets can
be found in other dark cells. For the Home Building shop activity, many
furniture stores, such as furniture markets and floor tile stores, are located
in place A. For the Medical activity, place A has many hospitals, including
the Shanghai Mental Health Center and Longhua Hospital. The Obstetrics
and Gynecology Hospital of Fudan University is located in place B.
Spatial distribution indicates that activities in the first group, related to
daily life, are distributed across the whole study area, while activities
in the second group, related to shopping, medical facilities and school
are concentrated in specific locations. These results appear reasonable,
validating the DMR model for the activity imputation.
4.4.3

Statistic for all trips and different purposes

Descriptive analyses for all bicycle trips are shown in TABLE 4.5; overall,
most bicycle trips are of short distance and duration. Average trip distance
and duration are 2.35 km and 15.44 min, respectively. Less than 10% of trips
are longer than 5 km and 30 min. In terms of trip purpose, most trips are
for the two dining activities (33.03% in total), followed by "Home“(15.38%)
and "Work“(12.80%).
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Figure 4.6: Spatial distribution of each activity

4.4 results

Bicycle trip distance and duration vary by purpose. "Clothing Shop“ has
the longest average trip distance (2.42 km), while the shortest one is "School“
(2.27 km). As for duration, trips with a specific purpose are shorter than
leisure trips. For example, "Work“ has the shortest mean duration, although
it does not have the shortest average trip distance. "School“ is the activity
with a specific purpose for students, with the second shortest average trip
duration. "Clothing Shop“ and "Beauty & Recreation“, the two obvious
leisure activities in the table, have the longest average trip duration.
Among the three shopping-related activities, "Clothing Shop“ has the
longest mean distance (2.42 km) and mean duration (15.79 min) while
"Electronics Shop“ has the shortest mean distance and duration. The two
dining-related activities have similar trip distances and duration; the small
difference between the two activities comes from their spatial distribution.
As mentioned above, "Nighttime Dining“ is more related to the period
after work. Thus, cyclists are willing to spend more time on the way to
this activity. From TABLE 4.5, we also find that "Nighttime Dining“ mean
duration and distances are similar to those for "Home“. "Daytime Dining“
serves working people during the day; thus, they cannot spend too much
time on their food.
Estimated parameters for impedance functions describe trip cost distribution. Estimated parameters b1 (for trip distance) range from 0.470 to
0.510. b2 (for trip duration) is between 0.076 and 0.084. From parameter b1,
we can deduce that "School“ activity, with the largest b1, is a destination
activity where cyclists are the least likely to make a long trip. As for b2,
"Clothing Shop“ still has the smallest parameter, while "Work“ has the
largest parameter. These results confirm that cyclists prefer to save time
when they have a specific goal.
4.4.4

Examples of accessibility measures

FIGURE 4.7 illustrates central Shanghai bicycle accessibility based on 3A
hospitals and five-star restaurants. 3A hospitals have the highest level in
China. Five-star restaurants are those with the highest ranking, according
to Dianping (a comment website).
Two top-ranked types of POIs are selected from the corresponding industry.
Including all restaurants or hospitals would lead to a low variance in bicycle
accessibility, since the study area is a well-developed area.
3A hospitals are concentrated in a few places; cells near these clusters have
higher levels of accessibility, with a decline as one moves away. Five-star
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Electronic Shop

Home Building Shop

Clothing Shop

School

Work

Home

All purposes

Activities

2.37

2.36

2.37

2.42

2.27

2.33

2.38

2.35

Mean

1.79

1.78

1.77

1.80

1.83

1.71

1.76

1.78

1.78

Median

4.83

4.64

4.78

4.76

4.73

4.89

4.53

4.66

4.83

4.73

90%

0.497

0.477

0.489

0.483

0.486

0.483

0.470

0.510

0.493

0.482

0.487

b1

15.05

15.73

15.25

15.44

15.11

15.23

15.79

14.88

14.58

15.65

15.44

Mean

11.00

12.00

11.00

11.00

11.00

12.00

12.00

11.00

11.00

12.00

11.00

Median

29.00

30.00

30.00

30.00

29.00

29.00

31.00

29.00

28.00

30.00

30.00

90%

0.080

0.076

0.080

0.078

0.080

0.079

0.076

0.082

0.084

0.077

0.080

b2

5.68%

9.45%

11.18%

21.85%

3.05%

5.56%

5.73%

9.33%

12.80%

15.38%

100.00%

Share

Trip duration

Night Dining

2.34

1.81

4.65

Trip distance

Daytime Dining

2.39

1.74

Cost

Beauty & Recreation

2.31

Other

Dining

Shopping

Daily activity

Medical

Note: The underline numbers mean the maximum and minimum value in the corresponding columns.
Table 4.5: Descriptive analyses for different activities.

4.5 discussion and conclusions

(a) 3A hospital

(b) Five-star restaurant

Figure 4.7: Two examples for bike accessibility

restaurants are distributed more uniformly than 3A hospitals and cells with
higher accessibility are distributed in the middle of the area. The cell’s
accessibility is lower when it is further away from the center.
4.5

discussion and conclusions

In this paper, we present a method to measure bicycle accessibility for
different trip purposes using bike-sharing data. Several conclusions and
findings can be drawn from the paper: 1) Topic model DMR can be used to
impute the trip purpose for bicycle trips based on the POIs around drop-off
points and arrival times. 2) The obtained activities’ spatial distributions are
shown to have characteristic patterns that can be easily categorized into two
groups based on their density. Activities in the first group are related to
daily life, distributed in the whole area, while activities in the second group
are concentrated in specific areas. 3) For each trip purpose, impedance
function is estimated using a negative exponential function. Results indicate
that bike-sharing is mainly for trips with short travel time and distance.
More than 90% of trips are less than 5 km and 30 min. In addition, trip length
and duration vary by purpose. Cyclists are willing to spend longer time
and cycle a longer distance for leisure activities (e.g., Clothing Shop, and
Beauty & Recreation) than for activities with a specific target (e.g., Workrelated, and School). 4) Two bicycle accessibility examples (3A hospitals and
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5-star restaurants) show the relationship between accessibility and activity
place in detail and further demonstrate that the method presented here is
practical.
The chapter has several potential applications; for example, constructing
bicycle-based TOD (B-TOD) and evaluating the development of bicycle
infrastructure. B-TOD combines cycling and public transport, which is
more eco-friendly and can increase the station catchment area (Lee et al.,
2016). A fundamental question is how to estimate its spatial extent. Based on
bike-sharing data, we can easily estimate the service area for transit services
at B-TOD. Median value is a generally acceptable choice: 1.78 km, based
on this chapter. Another question is how to relocate these activities around
the transit stops. A straightforward way is to locate activity with a specific
target near the station, while locating leisure activity in the surrounding
area. For example, work places should be located near the station because
the cyclist wants to spend the least time (based on TABLE 4.5). A further
question is how to evaluate change in bicycle accessibility. Traditionally,
survey data is the main data source for estimating bicycle accessibility, but
it suffers from a low number of observed cases. However, bike-sharing data
can be recorded continuously for a whole city. By using our method, bicycle
accessibility can be estimated every month. It provides a feasible way to
monitor change of accessibility over time, especially after implementation of
new policies, or new bicycle infrastructure. The accessibility map could also
provide a reference for better urban planning and business site selection.
For example, based on FIGURE 4.7(2), a new restaurant could be built in
places with a low level of competition.
It is worth noting that there are limitations regarding the data and approach.
Although DMR is a good method for identifying latent activities, imputed
trip purposes are probabilistic. In addition, the model cannot recognize the
undertaken purpose if a POI has many possible activities. For example,
people going to hospitals can be patients, doctors, or visitors. Furthermore,
because bike trajectories data do not provide ground-truth activities, we
can only verify the method process by validating spatial distribution of
identified trip purposes. As a future study, we will verify the proposed
method by combing multiple data sources, e.g., bike-sharing data and
survey data. Moreover, bicycle accessibility is influenced by bicycle users’
socio-economic characteristics (e.g. age, gender, etc.), as well as environment
and infrastructure factors (e.g., weather, air quality, bicycle lanes, slope, etc.).
In this paper, we only measure bicycle accessibility based on travel time
and distance, due to data limitations. Another possible direction of future
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research is to measure bicycle accessibility by including different factors,
such as bicycle facilities and weather. In addition, a general accessibility
measure will be developed to consider different factors, including bicycle
facilities and users’ performance.
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5
T H E B I K E - S H A R I N G B E H AV I O R C H A N G E I N R E S P O N S E
TO COVID

5.1

introduction

The pandemic caused by the new coronavirus disease 2019 (COVID-19) has
caused radical social adaptions world-wide, and posed a large threat to
health, life and livelihood of the populations (Gatto et al., 2020; Kraemer
et al., 2020; Oliver et al., 2020). As of October 1, 2020, there had been more
than 34,048,240 confirmed cases and 1,015,429 deaths around the world
1 . Due to the pandemic, Italy applied a national lockdown in response to
the spread of COVID-19 on March 9, 2020 after China, and was also the
first European country to implement a lockdown (Bonaccorsi et al., 2020).
Following Italy and China, some other countries also imposed national
lockdowns successively. For example, Swiss government announced that
schools and most shops were closed nationwide from 16 March, 2020. During the lockdown period, almost all the public facilities like schools, shops
are closed, and all public events are banned. Also, people are requested to
work from home and encouraged to stay at home to reduce unnecessary
trips (Engle et al., 2020). It is evident that the COVID-19 pandemic had a
significant impact on human mobility and urban transportation.
As low-carbon and micro-mobility transportation modes, bike-sharing services are playing a crucial role in human daily travel, especially in solving
first- and last-mile problems. In such a situation, micro-mobility was undoubtedly influenced by the epidemic. On the one hand, to keep social
distancing, an increasing number of people chose to stay at home to minimize going out for the dispensable activities during the pandemic period,
which implies that the number of trips taken by micro-mobility should decrease as well. On the other hand, people’s intention might have increased to
substitute public transportation with micro-mobility transportation modes
for the necessary short- or medium-distance trips to reduce the risk of getting infected in public transportation. Therefore, it would be necessary to
explore how micro-mobility use changes in response to the COVID-19 pan-

1 https://github.com/CSSEGISandData/COVID-19
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demic, which is beneficial for understanding micro-mobility patterns and
enhancing the effective scheduling of bikes during the pandemic period.
In recent years, shared micro-mobility services (e.g., docked and dockless
bike-sharing, scooter sharing), as environmentally friendly travel modes,
have attracted considerable attention in academic and industrial discussions,
which have proved to be able to facilitate alleviating traffic congestion and
transport-related emissions (Wang and Zhou, 2017; Zhang and Mi, 2018;
McKenzie, 2020; Milakis et al., 2020). Especially, with the rapid development of mobile computing and payment, micro-mobility services have been
realized as effective alternatives to short- and medium-distance trips by
public and private car transportation. The services allow users to locate and
unlock a bike almost everywhere through smartphones and park it after
completing the trip. Although micro-mobility services bring convenience
to people’s travel, several issues are still faced by the city and urban transportation. In particular, considering the various types of micro-mobility
services, including docked and dockless bike, electric bike (e-bike), little is
known about the similarity and difference of micro-mobility patterns for
different types of services, especially how these micro-mobility patterns
changed in response to COVID-19 pandemic.
The goal of this chapter is to investigate the variations of micro-mobility use
before and during the COVID-19 pandemic period by conducting a case
study in Zurich, Switzerland. Using a two month micro-mobility dataset
collected by a company in Zurich, we conduct spatial, temporal, and semantic analytics to uncover how micro-mobility use changes in response
to the COVID-19 pandemic. We divide the dataset into two parts based
on the lockdown date, namely the normal (NP) and lockdown (LD) periods. First, the spatial and temporal changes of trips for the three types of
micro-mobility services are examined during the two periods. Second, spatial network analysis is conduct to explore the micro-mobility patterns by
comparing the three types of services during the two periods from the perspective of human interaction. Third, semantic analytics are implemented
to uncover how different types of activities vary before and during the pandemic period for the three types of micro-mobility services. To the best of
our knowledge, no previous studies have investigated how micro-mobility
use change in response to the COVID-19 pandemic, especially in exploring
the changes in spatial, temporal, and semantic domains by systematically
comparing three types of micro-mobility services.
The remainder of this chapter is organized as follows. Section 5.2 reviews
human mobility in response to COVID-19, micro-mobility patterns, and

5.2 background

trip purposes imputation. Section 5.3 describes the utilized data and short
introduction to the data preprocessing. Section 5.4 introduces the methodology of this chapter. Section 5.5 presents the results of micro-mobility
changes before and during the COVID-19 pandemic. Finally, we highlight
our conclusions and summarize future work in Section 5.6.
5.2
5.2.1

background
Human mobility in response to COVID-19

Since the outbreak of COVID-19, several studies have been conducted
to investigate how human mobility reacts to the epidemic. For instance,
Kraemer et al. (2020) examined the effect of human mobility on the COVID19 epidemic in China using the mobility data from Wuhan and the detailed
case data. The work by Galeazzi et al. (2020) performed a massive data
analysis to explore how COVID-19 affects mobility patterns in France,
Italy and UK using social media data. It is found that the three countries
displayed very different mobility patterns. Beria and Lunkar (2020) used
Facebook data to understand the mobility patterns in response to COVID19 during the lockdown period in Italy. They reported that the share of
people movement and the range of movement decreased dramatically. For
the sake of estimating how individual mobility is influenced by travel
restrictions, Engle et al. (2020) implemented a study by combining GPS
location data with COVID-19 case data and population data at the county
level. The results indicate that population mobility declined by 7.87% due
to the government stay-at-home restriction. The study from Warren and
Skillman (2020) utilized the mobility data at the state and county levels
in US to detect the mobility changes in response to COVID-19. A large
reduction in mobility is identified in the US. Gao et al. (2020d) developed
an interactive web-based mapping platform to provide information on how
mobility pattern changes at the county level in the US in response to COVID19. Huang et al. (2020) conducted a data-driven analysis to understand the
impact of the COVID-19 pandemic on transportation-related behaviors
using the massive human mobility data from Baidu Maps. It is found that
human mobility patterns changed dramatically during the pandemic period.
Molloy et al. (2020) examined the mobility patterns before and after the start
of the pandemic in Switzerland using the participants’ GPS trajectory data
from the MOBIS-COVID-19 tracking study. A drastic reduction in mobility
after the implementation of lockdown measures was observed.
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5.2.2

Understanding micro-mobility patterns

Many studies have explored and analyzed human micro-mobility patterns
using GPS-based micro-mobility trajectory data. Most of these studies are
concentrated on understanding bike-sharing mobility patterns, which consist of docked and dockless bike-sharing systems. For instance, Wergin
and Buehler (2017) examined the travel behaviors of two types of bikesharing users (i.e., short- and long-term) by analyzing the trips of bikes
between docking stations. Xu et al. (2019) uncovered the temporal variations
of bicycle usages at various locations in Singapore using an eigendecomposition approach, which indicated different space-time characteristics of
cycling activities on weekdays and weekends. Yang et al. (2019) investigated
the changes of travel behaviors by analyzing bike-sharing during a period
when a new metro line came into operation in Nanchang, China. The results
showed how the spatiotemporal patterns of bike travel behavior changed
over the period. A comparative study was conducted to examine the difference in travel characteristics between docked and dockless bike-sharing
systems. It was found that shorter average travel distance and travel time
are achieved for dockless bike-sharing systems, while higher use frequency
and hourly usage volume are obtained in contrast with docked bike-sharing
systems (Ma et al., 2019a). Li et al. (2020c) explored dockless bike-sharing
utilization pattern and its explanatory factors by implementing an empirical
study from the GPS bike origin-destination data in Shanghai.
5.2.3

Predicting trip purpose on micro-mobility

As one of the crucial characteristics of human mobility, trip purposes are
significant for understanding human travel behavior and estimating travel
demands. A large number of studies have been conducted to impute trip
purposes using various GPS-based human mobility datasets. For instance,
Deng and Ji (2010) presented a machine learning approach to impute trip
purposes from GPS track data by combining it with other relevant data
sources like land use. Lee and Hickman (2014) developed an approach
to derive passengers’ trip purposes from the farecard transaction data,
which can contribute to the development of heuristic rules for trip purpose
inference. The study from Alexander et al. (2015) exploited mobile phone
data to infer activity types based on observation frequency, day of week, and
time of day, etc. Li and Axhausen (2018) proposed a framework to infer trip
purposes from GPS-based taxi trajectory data by considering the location
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and time of drop-off points as well as the trajectory form. The work by Zhao
et al. (2020a) proposed a method to identify cabdrivers’ dining activities
from GPS taxi trajectory data based on the support vector machine (SVM)
algorithm. Overall, rule-based methods and machine learning algorithms
are still the mainstream of trip purpose inference.
With the booming of bike-sharing systems, several studies were implemented to predict trip purposes from bike-sharing movement data. For
instance, Bao et al. (2017b) investigated bike-sharing travel patterns and trip
purposes by conducting a Latent Dirichlet Allocation (LDA) analysis from
bike-sharing smart card data and online point of interests (POIs) data. Li
et al. (2020a) applied a Dirichlet multinomial regression topic model (DMR
model) to infer trip purposes from bike trajectories by considering arrival
time and drop-off location. Xing et al. (2020) investigated the trip purposes
of bike-sharing users using the bike-sharing data and online POIs. Specifically, the spatial attractiveness of each POI category within the walkable
distance around origin or destination is calculated. Kou et al. (2020) inferred
trip purpose by comparing the trip speed to the average speed of all trips
in the city, thereby quantifying greenhouse gas emissions reduction from
bike share systems. Considering above, little attention has so far been paid
to explore and understand micro-mobility patterns from the perspective of
trip purpose, especially during the COVID-19 pandemic.
5.3
5.3.1

data description and preprocessing
Micro-mobility transaction data

Figure 5.1 shows our study area, which is divided into 31 sub-regions
according to postal codes (PLZ) in Switzerland. The area contains Zurich
city (24 PLZs) and surrounding postal codes zones (7 PLZs). Zurich is one
of the big cities and economic centers in Switzerland, with 434k inhabitants.
Several micro-mobility services are operating in this area. Here, we use
three types of micro-mobility services from two operators. Two of them are
docked micro-mobility from Publibike, namely docked bike and docked ebike. Publibike2 is the most established sharing services in Switzerland. The
study area contains 153 docking stations (shown in Figure 5.1). A dockless
e-bike service is provided by Bond (formerly Smide3 ). Compared with
publibike e-bikes, Bond e-bikes can travel at a higher speed (up to 45 km/h).
2 https://www.publibike.ch/en/publibike/
3 https://bond.info/en/
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This paper aims to explore the change of micro-mobility use before and
during the COVID-19 pandemic. Considering that most e-scooter services
stopped their services after around March 15, 2020 (the date of lockdown),
we ignore e-scooter service.

Figure 5.1: Study area

The transaction data is collected from micro-mobility companies in Switzerland, which include trips with origins and destinations. Each trip contains
ID, start time, start location, end time, end location, trip duration, and trip
distance. Although these transaction data belong to different types of micro-
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mobility service, the duration of the used trips are between two minutes
and one hour. A summary of the data description is given in Table 5.1. The
data span from February 15 to April 14, 2020, covering the normal period
(February 15 to March 14, 2020) and part of the lockdown period (March 15
to April 14, 2020). This period is divided into two parts, denoted as Normal
period (NP) and Lockdown period (LD), according to the lockdown date of
Switzerland. Figure 5.2 plots the number of trips for each type of service
per day during the two periods. The dashed lines represent the average
number of trips during the two periods for each type of micro-mobility
service respectively. It can be observed that the average number of trips
decreased remarkably during the Lockdown period compared with that of
the Normal period, which coincides with the conclusions from previous
studies (Molloy et al., 2020).
Range of period
Operator

Type

Start date

End date

Publibike

Docked bike

2020-02-15

Publibike

Docked e-bike

2020-02-15

Bond

Dockless e-bike

2020-02-15

The number of trips
Normal

Lockdown

2020-04-14

41954

26746

2020-04-14

13963

8985

2020-04-06

7259

3079

Table 5.1: Basic information of the micro-mobility trip data

5.3.2

Point of interest

The Point of interest (POI) dataset was extracted from OpenStreetMap4 ,
containing 41322 records. Each POI record has several attributes, including
ID, name, type, and location (longitude and latitude). Since business hours
are not available in the POI dataset, we assign business hours to each type of
POI based on their typical business hours in the study area. In this chapter,
we further divide these POIs into eight common categories, including
Home, Work (such as some companies and government offices), Transport
(such as tram, bus, and train stations), Education (such as kindergarten,
primary school, or university), Leisure (mainly referring to the indoor
activities), Shopping (mainly big shops such as malls, clothing shops),
Grocery (the shops related to daily life, such as supermarkets), Park (mainly
refer to facilities allowing outdoor activities). Table 5.2 displays the eight
POI categories and their assumed business hours.
4 https://download.geofabrik.de/
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(a) Docked bike

(b) Docked e-bike

(c) Dockless e-bike

Figure 5.2: Number of trips per day for the three types of micro-mobility services
during the two periods.

5.3.3

GPS survey data

GPS survey data were collected by the MOBIS study in Switzerland (Molloy et al., 2020). This survey tracked 3700 participants and recorded their
trajectories from September 2019 to February 2020. In the tracking process,
participants were asked to validate their activity information for their activities. Here, we extract these within the study area, containing 92539 records.
Each record has start time, finish time, activity type, and location. These
records consist of ten kinds of activities, which are listed in Table 5.3.
5.4

methodology

In this chapter, we conduct the analytics on how micro-mobility services
change for three aspects, including general spatial-temporal analysis, spatial
network analysis, and semantic analysis. The spatial network analysis aims
to explore how people move between spatial units from the perspective of
interaction. Semantic analysis uncovers micro-mobility patterns by imputing

5.4 methodology

Activity

Count

POI categories

Business
hours

Closing days

Home

27010

Apartment

[0:00, 24:00)

None

House

[0:00, 24:00)

None

Work

4779

Office

[7:00, 19:00)

Sunday

Transport

1447

Train station

[0:00, 24:00)

None

Bus, Tram Stop

[0:00, 24:00)

None

University

[0:00, 24:00)

None

Primary School

[7:00, 19:00)

Weekend

Kindergarten

[7:00, 19:00)

Weekend

Art Center

[8:00, 22:00)

Sunday

Museum

[8:00, 19:00)

Monday

Restaurant

[9:00, 21:00)

Sunday

Bar

[0:00, 24:00)

Sunday

Zoo

[9:00, 17:00)

None

Mall

[9:00, 21:00)

Sunday

Clothing shop

[7:00, 20:00)

Sunday

Pharmacy

[7:00, 18:00)

Sunday

Grocery store

[7:00, 21:00)

None

Dog Park

[0:00, 24:00)

None

Park

[0:00, 24:00)

None

Education

Leisure

Shopping
Grocery
Park

1022

2965

1899

1330

870

Table 5.2: POI categories and business hours

trip purposes and dividing the trips into different categories based on
purpose.
5.4.1

Spatial network analysis

With the boom of human mobility data and development of network science,
spatial network analysis has been commonly used to understand urban
interactions by analyzing human or vehicle movement within different urban areas (Zhong et al., 2014; Liu et al., 2015; Zhao et al., 2020b). It provides
insights into urban phenomena and regularities generated by human mobility. In this chapter, each trip has an origin and destination. The interaction
flows between geographic units can be represented as an origin-destination
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Name

Count

Share (%)

Home

28000

30.26

Work

24737

26.73

Leisure

14135

15.27

Wait

7240

7.82

Shopping

6575

7.11

Errand

5579

6.03

Assistance

3118

3.37

Study

2644

2.86

Home office

271

0.29

Co-working

240

0.26

Table 5.3: The activity type in the GPS tracking data

matrix (OD matrix). Based on the OD matrix, a directed weighted graph
G = ( N, E, W ) can be constructed, where N, E, W represents the node,
edge, and weight of edge. A node Ni denotes a sub-region, whose centroid
coordinate (xi , yi ) is regarded as the spatial location of the node. If there
is a micro-mobility trip between two nodes (Ni , Nj ), an edge Eij can be
generated. Furthermore, the weight Wij of each edge Eij is defined as the
number of trips departing from node Ni and arriving at node Nj .
Considering the two periods (i.e. the Normal period and the Lockdown
period) and three types of micro-mobility services, we construct six networks for the three types of micro-mobility services during each period.
After constructing these networks, the following indicators are employed to
examine the micro-mobility patterns from the perspective of network and
interaction.
• Degree of a node is defined as the number of edges connected to
it. In this chapter, degree is divided into out-degree and in-degree
according to the trip direction between each pair of nodes.
• Strength of a node refers to the sum of the weights of all edges
connected to it, which includes in-strength and out-strength likewise.
• Average degree is calculated as the average value of degree for all nodes
in the graph, reflecting the connectivity of the whole graph.
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• Average strength is calculated as the average value of strength for all
nodes in the graph.
• Graph density measures the sparseness and denseness of edges in a
graph.
These indicators are beneficial to exploring and understanding the characteristics of the constructed networks. By comparing these properties, we can
further detect how the micro-mobility behavior change before and during
COVID-19 pandemic from the perspective of spatial interaction.
5.4.2

Semantic analysis based on trip purpose

Most existing studies on exploring micro-mobility patterns are mainly
concentrated on spatial and temporal dimensions, which pay little attention
on underlying semantic context. Actually, what people do at places, as the
root of human mobility patterns, should also deserve to be studied. Hence,
semantic analysis based on trip purpose is conducted to further understand
how micro-mobility changes in response to COVID-19 pandemic. Micromobility transaction data are passively collected without information on
activity types at origin and destination. This information is essential to
understand how human travel activities by micro-mobility services change
during the pandemic period. The core of this section is to impute purposes
for the trips of the three types of micro-mobility services. In this chapter, we
impute the purposes of both origin and destination for each trip, namely
Origin activity and Destination activity.
In this chapter, we utilize micro-mobility data from two types of sharing
systems, i.e., dockless sharing system and docked sharing system. Compared with a docked sharing system that passengers have to pick up and
drop off bike or e-bike at specific stations, passengers can pick up and drop
off them almost anywhere for a dockless sharing system. Thus, we need to
infer their activities independently. A framework is developed to impute
the trip purposes for both docked and dockless bikes based on previous
trip purpose prediction methods (Gong et al., 2015; Zhao et al., 2017), as
illustrated in Figure 5.3. The framework comprises four steps, which are
introduced in the subsections.
5.4.2.1

Identifying candidate POI

Two rules are applied to identify candidate POI for each origin or destination. First, the candidate POI should be open at the departure or arrival
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Data

Transaction data

POI

Docking station

Candidate POI selection
Docked services
•
•

0.35

Transaction data
Business hour

Dockless services
•
•
•
•

Identifying candidate POI
Temporal attractiveness
•
•

Origin activity probability
Destination activity probability

MOBIS survey data

Voronoi diagram
Minimum service area
Maximum walking distance
Business hour

Spatial attractiveness
•
•

Distance decay
POI attractiveness

Calculating POI visit probability
•

Bayes rules to calculate visit probability for each POI

Determining the activity type of origin and destination
•

The activity of origin or destination is represented by the probability of each
activity

0.2
Figure 5.3: Flowchart of trip purpose imputation

time. The business hours of POIs are defined based on prior knowledge,
as displayed in Table 5.2. Second, candidate POIs are within the influence
area of pick-up or drop-off points. The influence area should be defined for
docked and dockless services due to their operational differences.
For dockless service, the candidate POI should be within the walking
distance threshold (δ) from the pick-up or drop-off points, which is defined
based on previous studies (Gong et al., 2015; Li et al., 2020a). Figure 5.4
shows the percentage of trips that contain at least one candidate POI within
a δ range from 10 m to 200m. The increase for e-bike becomes smaller after
around 50 m.
For a docked sharing system, the bike or e-bike can only be dropped off
at specific docking stations. It means that the real origin or destination
could be far away from docking stations. For docked sharing system, we
identify candidate POI based on the voronoi diagram, maximum walking
distance (MWD), and minimum service area. By using voronoi diagrams,
each POI is assigned to the nearest docking station. However, for a suburb
where the docking station is in a low density environment, a POI could be

0.0
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(a) WDT of pick-up location for e-bike

(b) WDT of dro-poff location for e-bike

Figure 5.4: Percentage of trips with at least one candidate POI for micro-mobility
in different walking distance threshold

very far away from the nearest docking station. Thus, we only consider the
POI within a maximum walking distance (MWD), which is set as 500 m
here. In addition, for the urban center where docking stations could be very
close, a passenger could select a farther docking station, especially when no
bikes or e-bikes are available at the nearest docking station. The POI within
the minimum service area will be considered. A minimum service area is
defined as a circle centered around a docking station. The diameter is the
average distance between pairs of two nearest docking stations. 313 m is
calculated for these docking stations.
5.4.2.2

Spatial and temporal attractiveness

Spatial attractiveness contains two factors, including the attractiveness of
each candidate POI and the distance between a POI and the given pickup or drop-off points. The attractiveness of each POI is measured by an
enhanced two-step floating catchment area (E2SFCA) method (Shi et al.,
2012; Zhao et al., 2017). The second factor is measured by considering the
distance decay effect, which is expressed as
Pr (( x, y)| Pi ) ∝ Ai d(( x, y), Pi )− β

(5.1)

where Ai is the attractiveness of POI Pi , d(( x, y), Pi ) is the distance between
the given location and Pi , β is the distance decay coefficient. Here, we set
β = 1.5 (Zhao et al., 2017).
The temporal attractiveness of activities at both origin and destination
of each trip are represented by the probability of activities, which are
calculated based on the MOBIS survey data. The end time of activities
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in the MOBIS data can be regarded as the start time of micro-mobility
trips, which are used to calculate origin activities’ temporal attractiveness.
Similarly, the destination activities’ temporal attractiveness are calculated
by using the start time of these activities in the MOBIS data.
For each type of activity, the probability is shown in Figure 5.5. The whole
week is divided into 48 slots. The first 24 slots are the probabilities of
workdays, and the last 24 slots are the probabilities of weekends. All the
MOBIS trips are assigned to the 48 slots based on their start time and
end time for all the activities. The frequency of each slot is the average of
the number of trips of one day. Due to the mismatch between activities
in the MOBIS data and POI data, we use the temporal attractiveness of
Shopping and Leisure in the MOBIS data as Grocery and Park in POI data,
respectively.
Based on Figure 5.5, we can see that the probability of the start time and end
time varies significantly for most activities. For example, the end time of
home activity peaks at around 7:00 AM during the workday, while the start
time of home activity peaks at around 6:00 PM during the workday. Work
activity displays a similar pattern during workday. The peaks for the start
time and end time differ remarkably during workdays. These conclusions
show that it is necessary to treat the origin activity and destination activity
differently when imputing trip purpose.
5.4.2.3

Calculating POI visit probability

Bayesian rule is adopted to measure the probability for each candidate
POI. Specifically, given an origin or destination S = (( x, y), t) and a list of
candidate POIs, the probability of candidate POI Pi is defined as follows:
Pr ( Pi |( x, y), t)) =

Pr (( x, y)| Pi , t) Pr ( Pi |t) Pr (t)
Pr (( x, y), t)

(5.2)

Generally, the location and the time can be considered independently given
Pi , namely Pr (( x, y)| Pi , t) = Pr (( x, y)| Pi ), denoted as spatial attractiveness.
Pr ( Pi |t) represents an activity time attractiveness. For origin, it is the probability that an activity finished at the origin time. With regards to the
destination, it is the probability an activity happens at the end of the trip.
Both Pr (t) and Pr (( x, y), t) are constant values for a given point. Thus, the
probability can be reformulated as
Pr ( Pi |( x, y), t) ∝ Pr (( x, y)| Pi ) Pr ( Pi |t)

(5.3)
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(a) Home

(b) Work

(c) Education

(d) Transport

(e) Shopping

(f) Leisure

Figure 5.5: Probability for each type of activity during different hours.

5.4.2.4

Determining the activity type of origin and destination

For an origin or destination, the probability of all the candidate POIs can
be calculated following Section 5.4.2.3. The probability for each activity is
denoted as
∑ Pi ∈ Act Pr ( Pi |( x, y), t)
Pr Act =
(5.4)
∑ Act ∑ Pi ∈ Act Pr ( Pi |( x, y), t)
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It should be noted that, instead of selecting a particular activity, the probabilities of all activities are utilized to represent the activity type of the given
origin or destination.
5.5

results

5.5.1
5.5.1.1

Spatial and temporal analysis
Spatial changes on micro-mobility

In this section, we explore how micro-mobility patterns change over space
for the three types of services during the Normal and Lockdown period.
The 31 postcode areas (PLZ) in the study area are adopted as the primary
spatial units, representing an administrative division of the study area, and
reflect the underlying contextual information of each sub-region, such as
population and land use type. Therefore, the spatial analysis focuses on
examining how the trip volume varies across the postcode areas during the
two periods. To cope with this problem, we assign the daily trip volume
to the corresponding PLZ for the three types of micro-mobility services
respectively. Figure 5.6 shows the average daily volume of trips by PLZ for
the three types of services, which are aggregated according to the dropoff points of trips. The blue and beryl green bars indicate the daily trip
volume in the Normal (NNP ) and Lockdown (NLD ) periods, respectively.
The background color represents the ratio of the daily trip volume in the
Lockdown to the daily trip volume in the Normal period for the three types
NLD
of services ( N
).
NP
As shown in Figure 5.6, the three types of micro-mobility services present
some similarity between Normal and Lockdown periods. First, compared
with the Normal period, the daily trip volume declines to varying degrees
for most of the PLZs for the three types of services during the Lockdown
period. Especially, the significant decreases are mainly concentrated in the
central regions, such as PLZ 8001, 8002, 8003, and 8004, and 8005, which has
more Shopping, Leisure, Transport, and Work POIs compared with other
PLZs. In the Normal period, these POIs attract more passengers for various
activities than other PLZs. However, during the Lockdown, most people
started working from home and reduced the travel to avoid coronavirus
exposure. Thus, an obvious change of the daily trip volume for the three
types of services can be observed in central regions. Second, the trip volume
in some PLZs displays a slight decrease or even increase during Lockdown
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period, such as PLZ 8046, 8051, and 8152. One possible explanation is that
most POIs in these PLZs are residence and the proportion of Home related
activities increased during the Lockdown period, as they are not influenced
too much by the lockdown. Third, no trips are detected within the several
peripheral PLZs of the study area for the three types of services, such as
PLZ 8105, 8802, 8053. The main reason is that there are no stations in those
regions for docked bike and docked e-bike. For dockless e-bike service, the
reason can be the small number of e-bikes that may not be able to satisfy
travel demand for the whole study area.
It is worth noting that the three types of services also display dissimilarities.
For instance, the daily trip volume of dockless e-bike is less than those
of docked e-bike and docked bike. The potential explanation is that the
operators provide more bicycles (i.e., 797 and 859 for docked bike and
docked e-bike) for the two docked services than the dockless e-bike (i.e.,
193) in the market. Note that even though docked bikes and docked e-bikes
display similar numbers of bicycles and the same docking stations, the
trip volume produced by docked e-bike service is remarkably higher than
that of docked bike by cross-referencing Figure 5.6a and 5.6b. It can be
attributed to the hilly terrains in Zurich. Some PLZs can be 200 meters
higher than the PLZ with a low elevation. Thus, docked e-bikes are more
attractive than docked bikes while traveling. Additionally, several PLZs with
low trip volume for docked bike service (e.g., PLZ 8006, 8057) have high
trip volumes for docked and dockless e-bike, which further demonstrate
people’s preference for the e-bike, especially in those hilly regions. Moreover,
this preference has not been influenced by COVID-19 by comparing the trip
volume in those PLZs during the two periods.
5.5.1.2

Temporal changes on micro-mobility

The spatial analysis uncovers how micro-mobility patterns vary over space
during the Normal and Lockdown periods. It is necessary to evaluate
the changes of micro-mobility patterns in finer-grained time periods. In
this section, the Normal and Lockdown periods are further divided into
four sub-periods: Normal workday, Normal weekend, Lockdown workday,
and Lockdown weekend. In each period, the micro-mobility patterns are
analyzed from three aspects for the three types of services, including the
average number of trips, trip duration, and trip distance.
Figure 5.7 reveals how micro-mobility patterns change over time on an
hourly basis in terms of average number of trips. Some similarities and
differences are observed for the three types of micro-mobility services
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(a) Docked bike

(b) Docked e-bike

(c) Dockless e-bike

Figure 5.6: The spatial distribution on micro-mobility daily trip volume for different types of micro-mobility services. The blue bar and beryl green bar
are the daily trip numbers in Normal period (NNP ) and Lockdown
period (NLD ), respectively. The background color of each PLZ represents the ratio of the daily trip number in Lockdown and Normal
NLD
period ( N
) for the given PLZ.
NP

during the Normal and Lockdown period. During the Normal period, it
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can be seen that: (1) there are two obvious peaks for the three types of
services, namely morning peak (6:00-8:00 AM) and evening peak (4:00-5:00
PM) on workday, which match well with the commuting patterns. It denotes
that the trips for commuting could account for a high proportion of all the
biking trips. (2) There is only one peak (1:00 - 3:00 PM) for the three types of
services on weekends, which is lower than the two peaks during workdays.
During the Lockdown period, it can be observed that: (1) there are still
one morning peak and evening peak on weekend, while the two peaks are
not so conspicuous as on Normal weekdays, especially the morning peak.
It suggests the decline of trip volume can be attributed to the lockdown
regulation and most people working from home. For those who need to go
to workplaces, the time has become flexible, they do not need to go working
at a fixed time as before. (2) There is still one weekend peak, which shows
no significant change. However, compared with remarkable reduction of
average trip volume between Normal and Lockdown workday, the average
trip volume on weekends shows no obvious change. Especially the volume
of docked bike, the curve of NP workday almost coincides with the curve
of LD workday. Overall, we can conclude that a striking difference between
the Normal and Lockdown periods is that the decrease of trip numbers in
the peak hours of workdays for the three types of micro-mobility services
We also analyze the trip duration distribution during the four periods. For
each type of service, the transaction data are divided into four groups
based on the sub-periods. In each group, the distribution of trip duration
is plotted by the violinplot function of the seaborn library5 , which is a
combination of boxplot and kernel density estimate. Furthermore, to assess
the variation in the Normal period and Lockdown period statistically, we
employ the t-test to examine the difference between periods for each type
of service, as displayed in Table 5.4.
As illustrated in Figure 5.8, the solid white lines represent the median and
the dashed white lines are the quartiles. First, it can be observed that the
statistics of trip duration distributions on Normal workday are lower than
those on Lockdown workday correspondingly for the three types of services.
Likewise, the similar conclusion can be reached on Normal weekend and
Lockdown weekend for the three types of services. It is demonstrated that
the trip duration during the Lockdown period is on average higher than
in the Normal period on both workday and weekend for the three bike
(e-bike) services. In addition, the kernel density curve on Normal workday
or weekend is shown to be taller and thinner than that on corresponding
5 https://seaborn.pydata.org/index.html
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(a) Docked bike

(b) Docked e-bike

(c) Dockless e-bike

Figure 5.7: Average number of trips during Normal and Lockdown periods.

Lockdown workday and weekend for the three types of services. It also
indicates that the proportions of trips with long duration increased during
the Lockdown period for the micro-mobility services. We can conclude that
people tend to ride bike (or e-bike) for long-duration travels during the
Lockdown period. One possible explanation is that people may need to
use micro-mobility services for longer trips compared with the Normal
period. Also, although the trip duration distributions for the micro-mobility
services have changed from the Normal to the Lockdown period, these
changes are mainly for the trips over 20 minutes. We further apply the t-test
to examine the difference between the mean of trip duration on Normal
workday (or weekend) and Lockdown workday (weekend) for each type of
service. As displayed in Table 5.4, all the changes in Figure 5.8 are significant
at the 0.01 significance level.
We further explore the trip distance distribution during the four specific
periods, which reflects how far users travel using micro-mobility services.
In a similar manner, Figure 5.9 displays the trip distance distribution during
the four sub-periods for the three types of micro-mobility services. First, it is
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(a) Docked bike

(b) Docked e-bike

(c) Dockless e-bike

Figure 5.8: The distribution of trip duration in each period. The curve of each
patch represents kernel density estimation of trip duration. The solid
white lines are median of the trip duration. The dashed white lines
from bottom to top are the first and third quartile of the trip duration.
Period 1

Period 2

Docked bike

Docked e-bike

Dockless
e-bike

NP

LD

<0.01***

<0.01***

<0.01***

NP workday

LD workday

<0.01***

<0.01***

<0.01***

NP weekend

LD weekend

<0.01***

<0.01***

<0.01***

***, **, * represents the significance at the 0.01, 0.05, 0.1 level, respectively
Table 5.4: Pairwise t-test for the trip duration distribution during different periods

clear that the docked bikes mainly serve trips less than 2 km compared with
docked and dockless e-bikes. People can ride docked and dockless e-bikes
for longer trips due to electric power. Second, as can be seen from Figure 5.9,
the moments of trip distance distribution on Normal workday (or weekend)
are also lower than those on Lockdown workday for each type of service.
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The trip distance in Lockdown period is on average longer than Normal
period on both workday and weekend for the three types of services, which
is in accordance with the conclusion drawn from Figure 5.8. Third, the
kernel density estimation results also illustrate that the proportions of
the trips more than 2 km increased during the Lockdown period. We can
speculate that people may choose the micro-mobility services for some
of the medium- or long-distance trips replacing public transport modes
(i.e., train, bus, and tram) during LD. Furthermore, we also examine the
significance of the trip distance changes during the two periods using t-tests,
as shown in Table 5.5. The table shows that the mean of trip distance has
changed significantly between the Normal and Lockdown period for all the
three micro-mobility services.

(a) Docked bike

(b) Docked e-bike

(c) Dockless e-bike

Figure 5.9: The distribution of trip length in each period. The curve of each patch
represents kernel density estimates of the trip length. The solid white
lines are median of the trip duration. The dashed white lines from
bottom to top are the first and third quartile of the trip duration.
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Period 1

Period 2

Docked bike

Docked e-bike

Dockless
e-bike

NP

LD

<0.01***

<0.01***

<0.01***

NP workday

LD workday

<0.01***

<0.01***

<0.01***

NP weekend

LD weekend

<0.01***

<0.01***

0.05*

***, **, * represents the significance at the 0.01, 0.05, 0.1 level, respectively
Table 5.5: Pairwise t-test for trip distance distribution during different periods

5.5.2

Network construction and spatial network characteristics

As described in subsection 5.4.1 on spatially embedded network construction and spatial network analysis, spatial interaction network can be constructed based on origin-destination movement flow matrix calculated from
the micro-mobility data.
Figure 5.10 displays the spatial interaction networks before and during the
Lockdown period for the three types of micro-mobility services. The size
of red circle represents the strength of each node, and the width of green
line denotes the number of trips occurring between the two corresponding
nodes. For each type of micro-mobility service, the node and link share
the same legend scale in the two periods. First, it can be observed that
most links of the network become thinner during the Lockdown period
for the identical type of micro-mobility service. It could be attributed to
the reduction of non-essential travels due to the implementation of the
lockdown policy in Switzerland. Second, it is also found that several nodes
become smaller during the Lockdown period for each type of service, which
implies that the numbers of connections between those PLZs and other
PLZs decreased compared with the Normal period. These nodes are mainly
distributed in the city center, such as PLZ 8001, 8002, 8003, 8004, and 8005,
which contain a large amount of shopping and entertainment facilities and
the Zurich Main Station. Influenced by the pandemic, the number of trips
to city center decreased substantially due to the reduction of unnecessary
activities (e.g., entertainment and leisure). It should be noted that although
the nodes with higher degrees and the links with higher weights of the three
networks during the Normal period become smaller and thinner in the
corresponding networks during the Lockdown period, the number of nodes
and links do not change between the two periods. We can speculate that the
micro-mobility services still play a significant role in human travel during
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the Lockdown period even if the number of trips decreased compared with
the Normal period.
Moreover, we quantify the changes in micro-mobility patterns by calculating
the network properties, as shown in Table 5.6. From the table, some changes
between the Normal and Lockdown period can be recognized: (1) the
number of nodes that represents the number of PLZs served by bikes and
e-bikes are identical during the periods for each type of micro-mobility
service, which implies that the service areas of micro-mobility modes have
not been influenced by the pandemic. (2) the numbers of edges increased for
the docked bike and e-bike services, while decreasing for the dockless e-bike
service. The PLZs within the study area became more connected through
intra-urban micro-mobility during the Lockdown period. The causes of the
increases for docked bike and e-bike services are probably that some people
selected the two types of micro-mobility services for their travels as the
substitute for public transportation. Compared with the fixed stations of
docked bike and e-bike within central areas, dockless e-bikes can be parked
almost anywhere. Considering the reduction of human travel during the
Lockdown period and the small number of dockless e-bikes within the study
area, we speculate that the decrease for dockless e-bike service could be
interpreted as its low circulation during the Lockdown period. For example,
the e-bikes that were parked at the less populated areas may be lost to the
users for a long period. (3) Similarly, the increased average degrees of the
docked bike and e-bike networks during the Lockdown period also show
the higher connectivity. For example, Figure 5.10a, 5.10b and Figure 5.10c,
5.10d show that the number of links to PLZ 8052 increases from the Normal
period to the Lockdown period. (4) The decreased average strength for the
three networks during the Lockdown period further quantitatively depicts
the reduction of human travels by micro-mobility services. (5) Given that
the number of nodes is unchanged for each type of micro-service network,
the change of graph density is consistent with that of node edges.
Overall, these results suggest that the docked bike and e-bike mobility
networks became denser during the Lockdown period, while the dockless
e-bike mobility network became slightly sparser even if the numbers of
trips decreased significantly for the three types of micro-mobility services.
5.5.3

Semantic analysis for different types of trips

In this section, we further explore the micro-mobility changes from the
perspective of semantics by analyzing trip purpose (or activity type). After
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(a) Docked bike (Normal)

(b) Docked bike (Lockdown)

(c) Docked e-bike (Normal)

(d) Docked e-bike (Lockdown)

(e) Dockless e-bike (Normal)

(f) Dockless e-bike (Lockdown)

Figure 5.10: Network construction for the three types of micro-mobility services
during the two periods. The size of red dot represents the degree of
the node. The width of green line represents the weight of the link.
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Docked bike
Docked e-bike
Dockless
e-bike

Period

Number Number Average
of
of
degree
nodes edges

Average
strength

Graph
density

Normal

22

292

26.545

1248.45

0.63

Lockdown

22

331

30.091

794.82

0.71

Normal

22

428

38.91

3702.09

0.93

Lockdown

22

437

39.73

2324.91

0.95

Normal

26

433

33.41

551.26

0.67

Lockdown

26

406

31.33

235.22

0.63

Table 5.6: Statistical indicators of network analysis with data in Before and Lockdown period.

recognizing the activity types of origin and destination for each trip, we
calculate the shares of human activities in each period for the three types
of micro-mobility services, as displayed in Table 5.7. Specifically, both the
Origin and Destination activities are investigated respectively for all the
trips. In each block, the NP and LD columns represent the share of an
activity in Normal and Lockdown periods for the origin or destination,
denoted as S NP and S LD , respectively. The Ratio columns further quantify
how the share of each activity changes between the Normal and Lockdown
periods, which can be calculated by (S LD − S NP )/S NP . Note that the table
is ranked by the share of activities for docked bike service in the Normal
period.
As shown in Table 5.7, the activity types of most origins and destinations
are concentrated in Home, Work, Transport and Leisure for the three types
of micro-mobility services, which account for approximately 80% of all the
trips in both periods. However, the rankings of these activities are not stable
according to the shares. For docked bike service, it can be observed that
Leisure (20.5%) occupies first place in Origin activities during the Normal
period, then Work (19.9%), Transport (19.5%), and Home (17.7%) follow
successively. In the Lockdown period, the proportions of Home (19.8%)
increase while those of Leisure (17.8%) and Work (16.7%) decrease in Origin
activities. It can be interpreted as that the time people staying at home
becomes longer during the Lockdown period, thus more origins are homerelated. For the Destination activities of docked bike service, Home achieves
the highest share in both Normal and Lockdown period, namely 23.7% and
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Docked bike (%)
NP

LD

Ratio
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Docked e-bike (%)

Dockless e-bike (%)

NP

NP

LD

Ratio

LD

Ratio

Origin Activity
Leisure

20.53

17.83

-13.15

17.20

14.79

-14.02

15.52

12.16

-21.67

Work

19.93

16.66

-16.43

18.61

16.37

-12.05

19.58

16.94

-13.47

Transport

19.53

20.40

4.41

22.04

19.91

-9.66

10.94

10.83

-1.03

Home

17.70

19.77

11.73

18.97

22.94

20.93

35.12

41.87

19.20

Shopping

9.28

8.56

-7.80

8.67

7.73

-10.83

7.64

7.02

-8.08

Grocery

7.58

9.22

21.66

8.21

10.01

21.98

6.71

6.90

2.80

Park

3.17

4.71

48.54

3.17

4.93

55.51

1.76

1.85

5.50

Education

2.27

2.85

25.59

3.14

3.32

5.98

2.74

2.44

-10.95

8.50

Destination Activity
Home

23.66

21.85

-7.65

23.10

25.06

8.46

40.20

43.62

Transport

21.99

Leisure

18.34

21.13

-3.92

24.45

21.44

-12.29

16.59

15.82

-4.61

16.07

-12.39

15.14

13.06

-13.75

13.48

10.68

-20.79

Work

14.94

16.48

10.31

15.10

15.98

5.80

11.11

10.86

-2.33

Shopping

8.14

8.20

0.65

7.49

7.15

-4.47

6.17

5.60

-9.30

Grocery

6.91

8.92

29.06

7.70

9.41

22.19

6.32

7.04

11.34

Park

3.33

4.21

26.32

3.58

4.35

21.74

2.57

3.03

18.14

Education

2.69

3.16

17.27

3.44

3.54

2.96

3.56

3.35

-5.65

Table 5.7: The share of Origin and Destination activities in Normal and Lockdown period for the three micro-mobility services

21.8%. The next ranks are Transport, Leisure, and Work for the two periods.
It should be noted that the proportions of Leisure decreased for both Origin
and Destination activities during Lockdown period, which demonstrates
that people exactly reduced their Leisure activities to keep social distancing
during the lockdown. Also note that Leisure and Park are the activities for
entertainment, and the main difference between them is Leisure here is
for indoor activities while Park is mainly for outdoor activities. Another
interesting point is that the proportions of Grocery and Park increased
for both Origin and Destination activities during the Lockdown period,
which can be explained from two aspects. On the one hand, people spend
more time staying at home during Lockdown period (e.g., working from
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home), and then consume more daily necessities correspondingly, which
implies that more Grocery activities are required for the people during
this period. On the other hand, considering the long time staying at home,
parks are better choices for relaxation and exercises during the Lockdown
period compared with the indoor places (e.g., bars, gymnasiums). These
conclusions also conform with the COVID-19 Community Mobility Report
for Zurich from Google.
Meanwhile, although docked e-bike service shares the same docking stations with docked bike service, Transport and Home occupy the first and
second place, respectively, when they are as Origin and Destination activities during the two periods. Regarding Leisure, Grocery and Park activities,
we can observe the similar changes and reach the same conclusions as for
docked bike service. With regard to dockless e-bike service, Home as both
Origin activity and Destination activity plays a dominant role in both periods, which can occupies at least 35% of all the trips. Work is the following
Origin activity in both periods, which reveals that most dockless e-bike trips
are from these two types of activities. However, Transport is in the second
place for the Destination activities during the two periods. Compared with
the two types of docked services, Home activities show higher proportions
and Transport activities display lower proportions during the two periods.
One possible explanation is that people may select dockless e-bike as the
transport mode for first or last mile travel. Considering that many docking
stations are located around the tram and bus stations in Zurich, people
can only pick-up and drop-off the bike (or e-bike) in those fixed docking
stations, and then complete the next activities using docked services.
With regards to the Ratio columns in Table 5.7, the positive represents
that the share increases, while the negative denotes the share decreases
during the Lockdown period. First, it can be seen that the shares of Home
increase for the three types of micro-mobility services except the share of
Destination activity for docked bike. It further demonstrates that people
started reducing the number of trips related to other activities, and stayed at
home longer in Lockdown period. This is why the share of Home occupies
a higher share in all the activities. We also note that the share of Home
decreases as Destination activity for docked bike service. One possible
explanation is that the docked bike and e-bikes share the docking stations
in Zurich, and docked e-bike is more attractive than docked bike when
both of them are available, especially considering the many sloped roads in
Zurich. Actually, if we regard docked bike and e-bike services as a whole,
it is found that the share of Home still increases during the Lockdown
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period. Second, it is shown that the shares of Work decrease when as
Origin activities, which can be attributed to working from home. During
the Lockdown period, one important regulation is to encourage or enforce
people to work from home. Also, the shares of Work as Destination activity
increase for the two types of docked services, which probably indicate that
the persons who are required to go to workplaces may tend to select micromobility rather than public transport to avoid getting inflected. Although
the share of Work (Destination service) decrease for the dockless e-bike,
it only changes slightly. Third, Table 5.7 also displays that the shares of
transport decrease for the three types of micro-mobility services. Due to
the reduction of trips to work or some other long-distance travels during
the Lockdown period, the amount of transport-related activities declines
accordingly. Fourth, as for Education, the change tendency of docked
bike and e-bike services is different from that of dockless service. The
increase of Education share for docked services can be owing to that several
docking stations are located on the campuses of the universities in Zurich.
It is convenient for the students to borrow and return the docked bike
(or e-bike). As to decrease of dockless e-bike service, it may be because
dockless e-bikes are not easy to get around the universities compared with
docked services during Lockdown period. Fifth, it can be observed that the
shares of Leisure present the most significant decrease for the three types
of micro-mobility services. During the Lockdown period, almost all the
leisure-related facilities are enforced to be closed, such as bars, coffee rooms,
gymnasiums, etc. The number of leisure activities decreases dramatically to
maintain social distancing. Similarly, the shares of Shopping also display
the decreasing tendency. Last, the proportions of Grocery and Park increase
remarkably for the three types of service.
5.6

discussion and conclusions

In response to the COVID-19 pandemic, many national governments implemented the lockdown restrictions to mitigate the spread of the coronavirus
disease, thereby influencing people’s travel behavior as well as habits and
customs. The present studies have explored and analyzed the change of
human mobility due to COVID-19 pandemic. Micro-mobility, as one special
type of human mobility, plays a crucial role in human daily travel. To
date, little research efforts have been devoted to revealing the changes of
micro-mobility in response to COVID-19. To bridge this research gap, we investigate the changes of micro-mobility before and during lockdown period
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by analyzing the origin-destination data of three types of micro-mobility
services (i.e. docked bike, docked e-bike and dockless e-bike) in Zurich,
Switzerland. Specifically, we characterize the changes of micro-mobility
from the perspective of space, time and semantics, which could benefit the
related research on micro-mobility, especially in the situation of COVID-19
pandemic. The major findings of this chapter are summarized as follows.
First, spatial and temporal analysis are conducted to explore how the
number of trips changes for each type of micro-mobility service over space
and time. The spatial analysis results suggest that the three types of services
display some similarities and differences in terms of the micro-mobility
changes between the Normal and Lockdown period (See Figure 5.6). One
the one hand, the daily trip volume decreases with varying degrees for most
of the PLZs for the three types of services during the Lockdown period. This
is because that most people started working from home and reduced the
unnecessary travels to avoid getting infected during the Lockdown period.
One the other hand, docked and dockless e-bikes draw more attention
than docked bikes in some PLZs with undulating terrains. The temporal
analysis results reveal that the trip volumes show remarkable decrease on
workdays, especially the peak hours, during the Lockdown period, while
only slight changes are observed on weekends compared with the Normal
period (See Figure 5.7). It is indicated that working from home is the
most important driving factor for the temporal changes of micro-mobility
services. Therefore, these finds can be helpful for operators to regulate and
rebalance the bikes and e-bikes in a city, especially in the circumstance of
COVID-19 pandemic.
Additionally, the trip duration distribution and trip distance distribution
are examined based on statistical analysis for the three types of services
on weekdays and weekends during the Normal and Lockdown period.
From the trip duration distribution results (See Figure 5.8), the statistics of
trip duration on Normal weekday and weekend are lower than those on
Lockdown weekday and weekend, which indicates that the trip duration
in Lockdown period is higher than that of the Normal period on average
for the three types of services. Especially, the proportion of long-duration
travels by micro-mobility services increases during the Lockdown period.
The trip distance distribution result (See Figure 5.9) shows a similar pattern.
The proportion of medium- and long-distance travels (more than 1500
meter) by micro-mobility services increases during the Lockdown period.
Second, spatial network analysis is implemented to understand the micromobility changes from the perspective of origin-destination flows for each

5.6 discussion and conclusions

type of service during the two periods. By constructing the spatially embedded networks for each type of the service and compare them during the
two periods, it is found that the numbers of links of the networks during
the Lockdown period do not decrease compared with the networks during
the Normal period, while the links become thinner for each type of service.
The movements by micro-mobility services between the PLZs have not been
interrupted completely due to COVID-19 pandemic, while the numbers
of trips between the PLZs are definitely reduced. This is because people
reduced their daily trips due to the pandemic and the Swiss Lockdown regulations. However, the Swiss government did not implement the Lockdown
regulations to each PLZ and each city. Hence, there are still several trips
that occur between the PLZs. The network indicators further quantify these
micro-mobility changes for each type of service during the two periods.
Third, trip purpose analysis is used to examine the micro-mobility changes
from the perspective of semantics. A trip purpose imputation framework
is developed to recognize the activity type of orgin or destination for the
three types of micro-mobility services based on the existing trip purpose
prediction methods. By comparing the changes of origin and destination
types for each type of service, the results imply that Home, Work, Transport
and Leisure activities make up about 80% of all the trips during both
Normal and Lockdown periods, while the rankings of these activities are
not stable for each type of service. We further define a share of purpose
based metric to quantify how the activity types of origin and destination
change during the two periods for the three types of services. It is found that
the shares of Home increase for the three types of services indicating the
reduction of other types of activities, which is consistent with the existing
findings of recent studies and reports. Another interesting finding is that
the shares of Leisure decrease while the shares of Grocery and Park increase
remarkably during the Lockdown period for the three types of services.
The decreases of Leisure shares suggest that the number of leisure activities
are reduced as almost all the leisure-related facilities were forced to be
closed during the Lockdown period. The increases of Grocery and Park
shares indicate that people may go out more times for grocery shopping,
select parks as the places for relaxation and exercises during the Lockdown
period due to working from home.
Our findings have several important implications with respect to urban
planning and policy. First, the results of spatial analysis and network
analysis indicate that the overall demand of micro-mobility services is
reduced during the Lockdown period, while a small amount of trip demand

121

122

the bike-sharing behavior change in response to covid

is still present between the PLZs. The bike sharing operators could consider
reducing the supply of bikes and e-bikes in the market to save the idle
resources during the Lockdown period, and the re-balancing of bikes and
e-bikes is required to satisfy the necessary travels between the PLZs. In
addition, for those regions with hilly terrains, the operators may consider
placing more e-bikes rather than bikes. Second, the results of trip purpose
analysis suggest that the proportions of Grocery and Park activities increase
during the Lockdown period. It would be meaningful for the policy-makers
to establish several outdoor sites near the residences to provide daily
necessities (e.g., food, vegetables), which are beneficial for the citizens to
further reducing the times of going out and lowering the potential risks of
getting infected.
The space-time-semantic analysis in this chapter can facilitate to understand
how micro-mobility services changed in response to the COVID-19 pandemic. There are several future research directions that we want to point
out. First, we only consider the Normal period and Lockdown period in
this work. The whole process of reacting to COVID-19 should include the
Normal period, Lockdown period, and Recovering period that describes
how these micro-mobility services recover from Lockdown period. After
the dataset over this longer period is obtained, more systematic and comprehensive micro-mobility changes will be investigated to discover further
meaningful patterns. Second, the micro-mobility changes in response to
the COVID-19 pandemic are also associated with other factors, such as
population, economy, policy, and culture. The empirical results from this
chapter may only reflect the reaction of Zurich or Swiss cities. If possible,
more case studies will be analyzed in different cities with various situations,
which could provide additional insights into understanding micro-mobility
changes and providing suggestions if another pandemic may occur in the
future.

6
CONCLUSION

6.1

summary

This doctoral research is devoted to studying bike-sharing service by using empirical data, with a particular focus on the bike-sharing utilization
patterns, the environmental benefit of the bike-sharing service, accessibility
of the bike-sharing service and accessing the utilization pattern changes in
response to abnormal circumstances. In this thesis, the passively collected
bike-sharing data in Shanghai and Zurich are adopted. Efforts are made to
understand the development of bike-sharing services in the urban context.
The main findings are summarized below.
1. To understand the dockless bike-sharing utilization pattern and its
explanatory factors, we take the dockless bike-sharing service in
Shanghai as a case. The non-negative matrix factorization method
is utilized to recognize the service area. The result shows that each
shared bike only serves a certain area instead of the whole city. Also,
a new indicator stop duration (SDR) is developed to measure the
utilization efficiency. Furthermore, the OLS and GWR models are
used to quantify the relationships between SDR and the selected
explanatory variables. Compared with the OLS regression model,
the GWR model presents an improvement in fit. The results show
that the subway stations, the resident population, and the restaurants’
percentage have a significant influence on utilization efficiency. The
varying regression coefficients of GWR reveal the spatial varying of
various factors’ influence on the SDR.
2. To measure a bike-sharing service’s environmental benefits, we developed a novel framework for assessing bike-sharing systems’ environmental benefits by combining the choice modeling method and
empirical data. The choice modeling method is used in the framework
to calculate the substitution rate of dockless bike-sharing service to
different transport modes for each specific bike-sharing trip. The result shows that the introduction of a bike-sharing service can help
reduce greenhouse gas emissions. A dockless bike-sharing service
in Shanghai is taken as a case. It is shown that each shared trip can
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save 80.77 g CO2 -eq GHG emissions. The environmental benefits from
a dockless bike-sharing service can reduce annual GHG emissions
116,739.59 t CO2 -eq, which are equal to the GHG emissions of over
25,378 typical gasoline vehicles. Furthermore, environmental benefits
vary in space. The overall environmental benefits were much larger in
the central areas than in suburban areas. However, the GHG emission
reduction per bike-sharing trip in the suburban areas is larger than
that in central regions.
We further study the accessibility of bike-sharing service for different trip purposes. Here, a topic model is introduced to impute trip
purpose for each bike trip, and then a trip distance decay model is
estimated for each trip purpose. The results can be applied in urban
planning, such as constructing bike-based TOD.
3. Due to the COVID-19 pandemic, many national governments implemented lockdown restrictions to mitigate the spread of the coronavirus
disease, thereby influencing people’s travel behavior as well as habits
and customs. To investigate how human mobility changes due to the
COVID-19 pandemic, we take three types of bike-sharing services
in Zurich as cases. The changes are analyzed from four aspects, i.e.,
spatial, temporal, network interaction, and trip activity. The results
show the number of trips decreases for the three types of bike-sharing
services, but the decrease varies in space and time. Besides, the trip
duration and trip distance are higher than those in the Normal period.
We also impute trip purpose for each trip by using a rule-based model.
The results show that in both the Normal and Lockdown period, the
Home, Work, Transport, occupy about 80% of all the trips. In the
Lockdown period, the share of in-door activities decreases while the
share of outdoor activities increases.
6.2

limitations

The dissertation investigates how the bike-sharing service can be beneficial
for the urban transportation system. Passively collected bike-sharing data
are utilized, and the corresponding methods are developed. Nevertheless,
there are a few limitations that require further investigation.
1. In chapter 2, the utilization patterns of a bike-sharing service are
detected in space. But the study ignores the utilization patterns in different periods. In the future, more efforts should be put to understand
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the utilization pattern in specific periods, like peak periods and free
flow periods. In addition, the stop duration is defined to measure the
utilization efficiency of bike-sharing services. It would be interesting
to know the relationship between the value of stop duration and the
performance of a bike-sharing service.
2. In chapter 3, a case study is implemented in Shanghai to assess
the environmental benefits of a bike-sharing system. But we do not
consider the impact of private transport modes due to data limitation.
The private car, especially the internal combustion engine vehicle, may
have a big influence when estimating the choice model and assessing
the environmental benefits.
3. In chapter 4, a topic model is used to identify the latent activities
based on the POI data for each bike-sharing trip. However, the imputed trip purposes are probabilistic. In addition, we assume a POI
only represents a single purpose. The model cannot recognize the
undertaken purpose if a POI has many possible activities.
4. In chapter 5, we only compared the utilization patterns of bike-sharing
services in the Normal period and the Lockdown period. However, the
whole process of reacting to COVID-19 should also include the recovering period that describes how citizens recover from the Lockdown
period.
6.3

outlook

Bike-sharing services have gained much attention in the last decade. They
have become an essential part of the transport systems in some cities. In
the future, there are many directions to extend and explore. Specifically,
potential research directions are summarized as follows.
1. BSSs in different cities. In this thesis, we only focus on Shanghai and
Zurich due to data limitations. However, the utilization of bike-sharing
services may vary in different cities, which have different cultural
backgrounds, urban morphology, road networks, etc. For example,
Zurich is a small city with 87.9 km2 , while Shanghai’s central area is
about 660 km2 . Such a large difference in the two cities can contribute
to the change of their utilization patterns. It is hard to say the same
policies can be applied in the two cities. Besides, the terrain could also
be an essential influence factor for the implementation of bike-sharing
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service. For example, Chongqing, a big city in China with lots of
mountains, does not have a bike-sharing service. Some companies
tried to implement the service in that city but failed because it is
hard for the local people to use these bikes. Therefore, we need to
pay more attention to the development of bike-sharing services in
different cities.
2. Interaction with other transport modes. The bike-sharing service
is driven by human power or electric power. It is a short-distance
transport mode. In some cities, especially big cities, the bike-sharing
service is thought of as an excellent way to solve the first- and last-mile
problem. It denotes that the bike-sharing service can play an more
important role if combined with other transport modes, such as subway, bus, or tram. However, we only focus on the bike-sharing service
and ignore its relationship with other transport modes. Such analysis
cannot guarantee we find the full reason for the utilization of bikesharing service. Thus, future research can be devoted to integrating
the bike-sharing service with other transport modes.
3. The dispatching of bike-sharing. The mismatch of traffic supply and
traffic demand is a problem for almost all the transport modes. For a
bike-sharing service, the mismatch will degrade the utilization efficiency of shared bikes. For example, many bikes will be concentrated
around the transit stations on the workday morning, while these bikes
will be ridden to residential areas in the afternoon. So many bikes
concentrating in an area at the same time can also occupy the road
and cause trouble for other transport modes. It would be necessary
to improve dispatching algorithms further to match the supply and
demand of shared bikes in an area.
4. Integration with survey data. One of the downsides of passively
collected data is they do not contain any context information. For
example, transaction data do not contain any information related
to trip purposes. Although we could impute trip purpose by using
context information, it is hard to validate whether it is right at the
microscopic level. Questionnaire surveys can collect detailed historical
travel data from the users, while obtaining a large number of data
samples is time-consuming and expensive. Thus, it is necessary to
design a data collection method to combine the tracking data and
questionnaire data.
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