
 

A model framework for discovering the spatio-temporal usage
patterns of public free-floating bike-sharing system
Citation for published version (APA):
Du, Y., Deng, F., & Liao, F. (2019). A model framework for discovering the spatio-temporal usage patterns of
public free-floating bike-sharing system. Transportation Research. Part C: Emerging Technologies, 103, 39-55.
https://doi.org/10.1016/j.trc.2019.04.006

Document license:
TAVERNE

DOI:
10.1016/j.trc.2019.04.006

Document status and date:
Published: 01/06/2019

Document Version:
Publisher’s PDF, also known as Version of Record (includes final page, issue and volume numbers)

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:
openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 24. May. 2023

https://doi.org/10.1016/j.trc.2019.04.006
https://doi.org/10.1016/j.trc.2019.04.006
https://research.tue.nl/en/publications/d00be15c-1369-4378-bbfa-08031569c0e7


Contents lists available at ScienceDirect

Transportation Research Part C

journal homepage: www.elsevier.com/locate/trc

A model framework for discovering the spatio-temporal usage
patterns of public free-floating bike-sharing system
Yuchuan Dua, Fuwen Denga,⁎, Feixiong Liaob,⁎

aKey Laboratory of Road and Traffic Engineering of the Ministry of Education, Tongji University, Shanghai, China
bUrban Planning Group, Eindhoven University of Technology, Eindhoven, the Netherlands

A R T I C L E I N F O

Keywords:
Free-floating
Bike-sharing
Dynamics
Spatial-temporal patterns

A B S T R A C T

Public bike-sharing has gained much attention with the tide of sharing economy. Empowered by
modern technologies (e.g., GPS devices and smartphone-based APPs), a new generation of free-
floating bike-sharing systems has recently become popular. Usage data generated by such systems
produce rich information. This study presents a model framework to explore the spatio-temporal
usage patterns of free-floating shared bikes using the usage data. The framework includes
modules of probability fitting, Random Forest, a cluster-based time-domain analysis, and a vi-
sualization toolset. A case study is discussed based on the usage data from Mobike, one of the
largest operating bike-sharing systems in Shanghai (China). The daily usage dynamics is modeled
using log-normal distributions. Random Forest is adopted to explore the impact of factors on the
usage frequency in different districts. It is found that residential area, park & green area, and
population size are the top three factors influencing the frequency. Particularly, usage near metro
stations is delved using the hierarchical clustering method, resulting in three typical usage
modes. Visualization analysis is demonstrated to understand the time-varying flow patterns and
the spatial distribution of shared bikes. This study improves our understanding of the usage
patterns of this emerging transport mode and provides insights for the promotion and dynamic
deployment of the bike-sharing system in urban areas.

1. Introduction

In the past decade, public bike-sharing systems (BSS) have experienced rapid development and drawn growing attention due to
their contribution to sustainable developments. The use of bikes has positive effects on the environment because it produces little air
and noise pollution compared to motor-based vehicles (Hatzopoulou et al., 2012; Shaheen et al., 2010). Bikes can substitute cars on
short-distance trips and have the potentials of solving the “last mile” problem in the context of urban traffic (Flamm and Rivasplata,
2014; Lathia et al., 2012; Liu et al., 2012). A recent study (Wang and Zhou, 2017) revealed that the launch of BSS has significant
effects on reducing congestion based on the analysis of 96 U.S. urban areas. In addition, as a form of physical activity, cycling brings
remarkable benefits to people’s health (Apparicio et al., 2016). For these benefits, over 500 cities around the world have implemented
the urban slow mobility systems, promoting the return of street occupation by the people (Garcia-Gutierrez et al., 2014). It is worth
modeling and parsing the spatio-temporal dynamics of the ever-growing modal share.

The concept of BSS was originated over 50 years ago and went through three generations according to the operating modes
(Fishman et al., 2013). The first generation consisted of unlocked, specially-painted and randomly located bikes in urban areas. These
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bikes could be picked up anywhere and used free of charge. A representative of the earliest form is the “White Bikes” system
implemented since 1965 in the Netherlands (Davis, 2014). The second generation was introduced in the 1990s with the feature that
bikes could be picked up and returned at specific locations in the cities with a coin deposit. The “City Bikes” system launched in
Copenhagen is the first large-scale 2nd generation bike-sharing program (DeMaio, 2009). The third generation was an integration of
bike and modern information technologies including smart card, electronically-locking racks and telecommunication systems
(Fishman, 2016). Users usually need to have a membership, pick up and return the bikes at specific stations, and pay for the service
costs depending on the time of use. The advanced form combined with policy incentives in many cities leads to the rapid growth of
bike sharing globally. Nevertheless, this form may fall into the tradeoff between the setup cost and the user experience: the con-
struction of docking stations leads to high financial costs while the lack of stations harms the convenience for users (Garcia-Gutierrez
et al., 2014).

Free-floating bikes-sharing is an emerging mode which aims to solve the problem and provides convenience for both users and
operators. Since 2015, a number of free-floating BSS, such as Mobike1 and Hellobike,2 have been going through swift growth in
China, Netherlands, Singapore, and many other countries. In comparison to station-based BSS, free-floating BSS save costs by
avoiding the construction of expensive docking stations. It is also more flexible and user-friendly because the shared bikes can be
picked up and returned almost anywhere, thus the average walking distance is shorter and users have no worry about the shortage of
a vacant spot at stations (Pal and Zhang, 2017). With the widespread of personal mobile intelligent terminal services, public bikes in
free-floating BSS are equipped with GPS trajectory recorders and internet-controlled locks, allowing online booking and payment
service for users. In addition, transport operators can access the automatically collected trip records related to renting, returning and
real-time positioning data of bikes, which are widely known as “digital footprints”, and therefore, may be able to continuously
monitor the flow of traffic. These fine-grained data benefit a better understanding of travelers’ behaviors and contribute to the
improvement of the city-wide traffic system.

Despite the application of innovative technologies, problems still arise during the widespread circulation of free-floating BSS. For
instance, an inadequate number of bikes deployed in different urban areas causes vehicle shortage. The shortage of bikes may hinder
the popularity of BSS due to the unsatisfied demand. On the contrary, if there are too many bikes in a certain area while the
utilization of the bikes remains at a low level, such services could be financially unsustainable or potentially do harm to urban
mobility because the unused bikes occupy public space that could be used for other purposes (Shen et al., 2018). Furthermore, the
distribution of shared bikes in the system may become skewed during daily operation, potentially exacerbating the imbalance be-
tween supply and demand. To ensure the success of free-floating BSS, a crucial issue is to determine the supply of bikes and to adjust
the distribution of bikes dynamically (also known as system design and system rebalance) (e.g., Pal and Zhang, 2017). A powerful
system design or rebalance model relies on the spatio-temporal usage patterns as fundamental inputs. More specifically, the patterns
should encompass general statistical characteristics such as the distributions of duration and distance of bike trips, the time- and
position-varying features of statistical parameters, and geographical factors influencing bike-sharing usage, etc. For the operators of
BSS, the knowledge can help develop improvements for promoting its usage and improving the performance of existing bike-sharing
systems (Borgnat et al., 2011).

In recent years, research utilizing the trip records of BSS has been conducted. The related works include predicting the demand at
the system level or station level (e.g., Ashqar et al., 2017; El-Assi et al., 2017; Xu et al., 2018), modeling the time evolution of the
movements and disentangling the spatial patterns of bike usage (e.g., Borgnat et al., 2011), exploring the transfers between BSS and
other traffic mode within a trip chain (e.g., Zhang et al., 2018a,b), and visualizing the dynamics of BSS (e.g., Oliveira et al., 2016)
(see Section 2 for a detailed literature review). Nevertheless, to the best of our knowledge, there is little research in the context of
free-floating BSS, which are significantly different from station-based BSS. Besides, few studies have distinguished between long-
term, large-area patterns (e.g., the probabilistic model of travel time) and short-term, local patterns (e.g., the time-series usage
patterns of BSS trips at certain spots) in an integrated framework, and thus a comprehensive understanding of the spatio-temporal
usage patterns may not be obtained.

In view of the above, this paper aims to develop a model framework for the data mining of free-floating BSS. The primary
objective of this proposed framework is to provide a comprehensive understanding of the spatio-temporal usage patterns of free-
floating BSS. First of all, a distribution fitting algorithm is first proposed since statistical tools allow analyzing system dynamics in the
macroscopic perspective. Then, a supervised learning algorithm, Random Forest (RF), is adopted to extract useful features re-
presenting bike use characteristics affecting bike pick-ups and returns in a specific urban area. A clustering-based algorithm is
developed to discover the time-varying characteristics of the usage patterns in the neighbor of a location on the micro-level.
Furthermore, an open-source visualization toolset is developed for the demonstration of flow characteristics. The framework is
applied to a bike-sharing usage dataset of Shanghai (China). Results of the analytical framework contribute to the understanding of
the usage patterns of free-floating BSS and offer insights into the operational management of the burgeoning traffic mode.

To that effect, the remainder of this paper is organized as follows. Section 2 provides a comprehensive review of bike-sharing
related studies. Section 3 introduces the proposed model framework for discovering the spatial-temporal usage patterns of free-
floating BSS. Section 4 shows the analytical results of the case study. Section 5 concludes this work and provides views of future
research directions.

1 Beijing Mobike Technology Co., Ltd (https://mobike.com/global/).
2 Shanghai Yunzheng Technology Co., Ltd (https://www.hellobike.com/).
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2. Literature review

Under the condition of rapid growth, quantitative studies have been conducted to analyze the usage behavior and propose
solutions to the operational problems of BSS. For example, surveys were conducted to determine the factors that encourage in-
dividuals to use shared bikes and to identify the degree of satisfaction with BSS (Bachand-Marleau et al., 2012; Guo et al., 2017). To
meet the challenge of fluctuating demand for shared bikes, the repositioning or rebalancing problem has been proposed (Caggiani
et al., 2018; Forma et al., 2015; Pal and Zhang, 2017). Other related issues have been summarized in Fishman (2016) and Ricci
(2015). Our research aims to model and discover the spatio-temporal usage patterns of BSS. For this reason, the scope of this review
focuses on those studies using data mining techniques to explore bike-sharing usage patterns.

2.1. Prediction based on regression models

Most of the studies focus on finding the correlation between usage pattern variables (e.g., the number of available bikes) and
various explanatory variables (e.g., the temporal factors, the built environment, and weather conditions) using regression models,
which mainly refer to logistic regression models, tree-based models and artificial neural networks (ANN). For instance, Ashqar et al.
(2017) used machine learning algorithms to predict the number of available bikes with many related variables: the available bikes at
the station and its neighborhoods, the month-of-the-year, day-of-the-week, time-of-day, and selected weather conditions. Random
Forest (RF) and Least-Squares Boosting were used as univariate models, and Partial Least-Squares Regression (PLSR) was used as a
multivariate model. Results showed that univariate models have relative lower error predictions. Similarly, the tree-based algorithm
RF was used in Yang et al. (2016). Caulfield et al. (2017) used a logistic regression model to investigate the usage patterns of the bike-
sharing scheme, considering temporal variables, the travel distance, and weather conditions. The study found that in a small city,
average trip times recorded are short with regular uses, demonstrating habitual trip patterns. The findings also suggested weather has
an impact on usage, with longer trips more likely during better weather conditions. Nguyen et al. (2017) proposed two types of
regression models to predict the bike demand, namely Similarity Weighted K-Nearest-Neighbor (SWK) based regression and ANN.
Meteorological factors and taxi usage were used as independent variables. The methods were tested with New York City BSS. Results
showed that the ANN-based prediction method achieved high accuracy. McBain and Caulfield (2017) compared the actual trip times
of BSS with those predicted by Google Maps and then created a new variable called extra travel time. The results of a multinomial
logistic regression model showed that the variation in the trip times depends on a number of different spatial variables, such as
whether the origin and destination bike stations are on one-way streets, the number of shops, restaurants, and public transport links.
The similar methodologies were also adopted in El-Assi et al. (2017), Faghih-Imani and Eluru (2015) and Kim (2018).

To account for the autocorrelation in the data, Sun and Chen (2016) implemented a generalized linear mixed model to investigate
the joint effects of land use, transport infrastructure, demographics, weather and events on public bike usage. As a conclusion, the
authors emphasized the importance of public transport infrastructure for the success of public bike-sharing.

2.2. Pattern discovery

The term pattern discovery generally refers to the detection of implicit patterns. In the context of BSS, we use this term to refer to
spatial and temporal patterns mining using clustering, time-series analysis or other related approaches. For example, Borgnat et al.
(2011) used cyclostationary methodologies with nonstationary evolutions to investigate the temporal dynamics and applied clus-
tering techniques to explore temporal and spatial patterns. The temporal analysis yielded a pattern of intra-days periodicities, mostly
interpretable related to professional activity rhythms (weekdays) or leisure activities (weekends). Also, the clustering analysis yielded
that the bikes are geographically concentrated in communities while time patterns of flows between stations display similarities so
that they are grouped in clusters separating trips related to professional activities from those used during leisure time. The similar
clustering process was shown in Vogel et al. (2011), Zhou (2015) and Zhang et al. (2017). Ciancia et al. (2015) explored the
combination of spatial-temporal model-checking techniques and model-based approaches to detect potential configuration problems.
The techniques could be used in a real-time monitoring scenario to detect the emergence of particular patterns and to provide quick
feedback on the possible effects of maintenance or repositioning interventions. Bordagaray et al. (2016) proposed an offline data
mining procedure using smart-card transactions within BSS and classified bike rentals in 5 usage types. Zhang et al. (2018a,b) used a
combination of trip chain and transition activity matrices to indicate the travel patterns and potential travel purposes. The research
found that only a small fraction of overall weekday trips start and end at the same stations, which might be associated with re-
creational activities (physical exercises), or short-time activities (e.g. quick shopping). Moreover, most trips are between different
stations, and about two-thirds are part of a trip chain. Shen et al. (2018) adopted spatial autoregressive models to analyze the
spatiotemporal patterns of bike utilization based on the GPS data of dockless bikes in Singapore for nine consecutive days. Factors
including bike fleet size, surrounding built environment, access to public transportation, bike infrastructure, and weather conditions
are considered in this model. Result showed that the larger bike fleet is associated with the higher usage but with a diminishing
marginal impact; high land use mixtures, easy access to public transportation, more supportive cycling facilities, and free-ride
promotions positively impact the usage of dockless bikes; rainfall and high temperatures on bike utilization have negative influence
on bike usage.
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2.3. Connection with public transit

Levy et al. (2017) used a combination of models including spatially adjusted regression and all-or-nothing traffic assignment. It
was found that cycling movements are not well balanced and different behaviors are associated with length of trips. Zhang et al.
(2018a,b) treated bike-sharing and public transit as a whole and investigated the customers' bike-and-ride behaviors. A spatio-
temporal traffic delivery model was developed based on the open datasets of BSS along with the corresponding public transit in-
formation to study the riding patterns.

2.4. Visualization

Visualization-based analysis is an emerging technique to obtain the insight of the patterns. Oliveira et al. (2016) introduced an
interactive visualization system to explore the dynamics of BSS by profiling its historical dataset. A use case was demonstrated using
the New York bike-sharing data to show changes in the system over a period of ten months, ranking stations by different properties,
using any time interval in daily and monthly timelines. Yan et al. (2018) constructed a tensor based on the spatial, temporal, and user
information, and employed tensor factorization to extract latent user activity patterns.

The abovementioned studies are summarized in Table 1.

3. Methodology

To achieve a multi-faceted understanding of the spatio-temporal patterns of free-floating bike-sharing usage, a model framework
is designed for the investigations in different temporal and spatial scales. The framework embodies (i) a probability modeling
technique for understanding the basic dynamics of the whole system, (ii) the Random Forest (RF) algorithm for the interpretation of
spatial difference, (iii) a clustering-based method for the analysis of temporal characteristics, and (iv) a set of visualization tools for
insightful illustrations. A schematic diagram of the framework is shown in Fig. 1.

In the analysis pipeline, it is assumed that the raw usage data are accessible, which include geographic locations and time
instances of the trips. With the raw data, preprocessing includes data auditing, parsing, and transformation (for conciseness, the
detailed steps are not discussed in this paper). The processed dataset is fed into the model framework, which contains a hierarchy of
analyses to capture the spatio-temporal usage patterns from different aspects. As a comprehensive knowledge discovering framework,
both local and global patterns of the system can be captured.

In a macroscopic view, we consider the BSS as dynamical systems and investigate its macroscopic evolution. A probability model
is adopted to study the fundamental mobility characteristics of the shared bikes. At the level of system design, it is concerned to
determine the deployment in a specific functional area. RF, a relatively new supervised learning algorithm for classification and
regression, is used in this context. Properties, such as bootstrapping, variable randomization and averaging, make RF a robust
ensemble learning technique for handling complex, nonlinear and high-dimensional data. Besides, RF estimates the importance of
input variables, which offers an exploratory analysis of the impact of different factors on the response variable. The clustering
method, which is deemed as a temporal usage characteristics analysis tool, is applicable for classification to group usage hotspots or
concerned areas according to time-series usage patterns. In addition, visualization tools including O-D Proportion Flow Map, Sliced
Spatial Heatmap and Space-Time Cube, are designed to provide adequate but non-overloaded information related to a combination of
spatial and temporal patterns. The modules are described as follows.

3.1. Probability modeling

For a macroscopic understanding of bike-sharing trips, we need to construct the probability distribution models of the essential
features of the trips. In this case, travel distance and duration are selected. Although the fundamental mechanism has not been fully
explained, the previous studies have verified that human mobility is empirically observed to exhibit Lévy flight characteristics and
behavior with heavy-tailed distributed jump size (González et al., 2008). We assume that both travel distance and duration obey the
heavy-tailed distribution such as power-law, log-normal and exponential distribution. The hypothesis will be verified subsequently.

As an example, the power-law distribution will be discussed in this section. However, the techniques can be easily generalized for
any other assumed heavy-tailed distributions. The continuous version of power-law distribution has the following probability density
function:

=p x
x

x
x

( ) 1
min min (1)

where > 1 and >x 0min .
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The maximum likelihood estimator (MLE) of the parameter α is:

= +
=

n x
x

1 ln
i

n
i

1 min

1

(2)

where xi is an observed data value and x xi min. Note that we must choose a minimum value which follows a power law distribution
(Muniruzzaman, 1957). The recommended approach to estimate the lower threshold is using a Kolmogorov-Smirnov approach
(Clauset et al., 2007). The statistic is the maximum distance between the data and the fitted model in terms of cumulative density
functions:

=D S x P xmax | ( ) ( )|
x xmin (3)

where S(x) and P(x) are the cumulative density functions of the observed data and model respectively. The estimate of xmin is the
value that minimizes D. The execution process of the algorithm is listed in the following pseudo-code. The input data herein should be

Table 1
Related works.

Authors Subject/Contribution Methods Cities

Ashqar et al. (2017) Apply both univariate and multivariate models for
availability prediction of shared bikes at the station.

Random Forest, Least-Squares Boosting
and Partial Least-Squares Regression
(PLSR)

San Francisco, U.S.

Bordagaray et al.
(2016)

Develop an algorithm to classify trips of BSS users in well-
defined usage types by mining smart-card transactions.

Rule-based classification Santander, Spain

Borgnat et al. (2011) Use the signal processing method and clustering techniques
to explore the spatial and temporal patterns of BSS.

Time-series modeling and k-means
clustering

Lyon, France

Caulfield et al. (2017) Investigate the usage patterns of the bike-sharing scheme in
a small city.

Logistic regression model Cork, Ireland

Ciancia et al. (2015) Explore the combination of spatial-temporal model-
checking techniques and model-based approach to detect
potential configuration problems.

Spatio-temporal model checking and
model-based approach

Pisa, Italy

El-Assi et al. (2017) Reveal a significant correlation between temperature, land
use, and bike-sharing trip activity.

Multinomial logistic regression model Toronto, Canada

Faghih-Imani and
Eluru (2015)

Study the user destination choice preferences in BSS. Multinomial logistic regression model Chicago, U.S.

Kim (2018) Investigate the effects of weather conditions and temporal
characteristics of bike usage.

Negative binomial regression model and
hierarchical clustering

Daejeon, South Korea

Levy et al. (2017) Use a combination of transportation and geostatistical
models to understand the spatial patterns of cycling in the
city and its relation to bus travel.

Spatially adjusted regression and all-or-
nothing traffic assignment

Tel Aviv, Israel

McBain and Caulfield
(2017)

Explore the factors influencing journey time variation using
a logistic regression model.

Multinomial logistic regression model Cork, Ireland

Nguyen et al. (2017) Develop regression models to predict the bike demand using
meteorological factors and taxi trip records.

Similarity Weighted KNN (SWK) based
regression and Artificial Neural
Network (ANN)

New York, U.S.

Oliveira et al. (2016) Develop an interactive visualization system to explore the
dynamics of BSS.

Matrix visualizations New York, U.S.

Shen et al. (2018) Explore the impact of bike fleet size, surrounding built
environment, access to public transportation, bike
infrastructure, and weather conditions on the usage of
dockless bikes.

Spatial autoregressive models Singapore

Sun and Chen (2016) Investigate the effects of land use, transport infrastructure,
demographics, weather and events on public bike usage.

Temporal autocorrelation model Seattle, U.S.

Vogel et al. (2011) Use exploratory and cluster analysis to analyze bike-sharing
data.

Exploratory and cluster analysis Vienna, Austria

Yan et al. (2018) Employ tensor factorization to extract latent user activity
patterns.

Tensor factorization and self-designed
visual analytics system

New York and Chicago,
U.S.

Yang et al. (2016) Use statistical methods and random forest to predict the
check-in and check-out number in the bike-sharing system.

Probabilistic modeling and random
forest

Hangzhou, China; New
York, U.S.

Zhang et al. (2017) Investigate the general characteristics of system usage, in
terms of system efficiency, trip characteristics and bike
activity patterns.

OD matrix analysis and hierarchical
clustering

Zhongshan, China

Zhang et al. (2018b) Use a combination of trip chain and transition activity
matrices to indicate the travel patterns and potential travel
purpose of bike-sharing usage.

Transition matrices analysis Zhongshan, China

Zhang et al. (2018a) Develop a spatiotemporal traffic delivery model to study the
transfer behavior between bike-sharing and public transit.

Spatio-temporal traffic delivery model New York and San
Francisco, U.S.; Montreal,
Canada

Zhou (2015) Construct bike flow similarity graph and used a fast-greedy
algorithm to detect spatial communities of biking flows.

Flow clustering Chicago, U.S.
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the data series of the concerned variable.

Algorithm I: Estimating the value of xmin

Input: the original dataset X.
Output: the best estimation of the value xmin
Initialization: Set K as the number of the loops executed.
xmin←0; α←0; Dmin← Inf;
For i in 1:K:
xmin, temp← sample a value from X;
Estimate αtemp using the MLE;
Calculate the Kolmogorov-Smirnov statistic D;
If Dtemp < Dmin:

xmin← xmin, temp; α← αtemp; Dmin←D.

3.2. Random forest

Random forest (RF) is a supervised learning algorithm for classification and regression. RF constructs a multitude of decision trees
at training time using bootstrap samples and outputs the mean prediction results of the individual trees. Unlike many traditional
statistical analysis methods, RF makes no distributional assumptions about the predictor or response variables. RF has the ability to
model complex interactions among predictor variables automatically, and thus outperforms linear methods such as linear dis-
criminant analysis and logistic regression when there are strong interactions among the variables. It is proved that RF is relatively
robust to outliers and noises. (Cutler et al., 2007) These advantages make RF a robust ensemble learning technique for dealing with
complex, nonlinear and high-dimensional data. One additional advantage of RF is that it estimates the importance of the input
variables, which offers an exploratory analysis on the impact of different factors on the response variable. The previous work (Ashqar
et al., 2017) proved that RF can achieve superior accuracy rate compared to the multinomial logistic regression method. The sim-
plified procedure of RF is listed below (see Breiman (2001) for a detailed description).

Algorithm II: Random Forest

Input: the original dataset X.
Output: generated classification or regression tree
Initialization: Set K as the number of loops executed.
For i in 1:K:
Request size-N′ data Dt by bootstrapping with X;
If termination return base gi; # Sign I
Else:

Learn b(x) and splitX to Xc by b(x);
Goto # Sign I;

Return = ==G x b x c G x( ) ( ) ( )c
C

c1 .

Usage patterns are known to be highly heterogeneous in BSS in that shared bikes are rarely used in certain areas but over-demanded
elsewhere. It is reasonable to assume that the usage frequency is strongly correlative with geographical factors in the surrounding.
Therefore, we usually hope to evaluate the contribution degrees of some potential variables influencing bike usage. In the RF

Raw Trip Record Data Geographic Information Database

Data Preprocessing

Probability Modeling

Random Forest

Hierarchical Clustering

Visualization Toolset

Analysis Report & Application

Methods

General dynamic characteristics

Spatial influencing factors

Time-series patterns

Intuitionistic demonstration

Results

Raw Input & 
Preprocessing

Model 
Framework

Output

Fig. 1. Flow diagram of the designed framework.
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procedure, two qualitative measures, i.e. the increase in mean square error (IncMSE) and the increase in node purity (IncNodePurity),
are computed to reflect the importance of original variables. IncMSE indicates the effects on the predictive capability when the values
of the variables are randomly shuffled, while IncNodePurity measures the total increase in the homogeneity of the data samples from
splitting them on a given variable. For correlation inference, the two indicators can be used to measure the importance of in-
dependent variables.

3.3. Hierarchical clustering

To investigate the temporal usage pattern in the neighborhood of different sites, we adopt the hierarchical clustering algorithm to
group the studies sites with similar characteristics. The results of this method, usually presented in a dendrogram, are deterministic,
unlike the k-means clustering algorithm. This nature leads to consistent analysis results in multiple runs. The point what matters is
how to measure the difference between the objects. We use the number of pick-ups or returns of shared bikes in different timeslots of
one day as a feature of sites. With the setting, sites with similar time-series of usage frequencies will be grouped into the same cluster.
There are many advanced techniques to search for the best clustering result on the basis of the cluster tree (or dendrogram), for
example, dynamic tree cut method (Langfelder et al., 2008). Nevertheless, the practical clustering result should be determined based
on the actual demand. If a relatively rough clustering result is required, we can cut the cluster tree at a height near the root. For a fine-
grained application, it is acceptable to cut the cluster tree at a high position, leading to far more clusters.

The input of the algorithm is a distance matrix:

=D
d d

d d

n

n nn

11 1

1 (4)

where n is the total number of sites, and dij is the squared Euclidean distance of two feature vectors:
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ij 2

2 (5)

The feature vector of each site is formed as Eq. (6):
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where L is the set of sites, T is the number of time slots, and wt
l is the relative number of pick-ups or returns:
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where s(t, l) denotes the number of check-in points in the buffer of site l.
The basic procedure of the algorithm is hierarchical clustering. Here we use complete-linkage as the linkage criteria:

w wd i j Kmax{ ( , ): , }i j (8)

3.4. Visualization toolset

Visualization is also a powerful method to capture patterns intuitively (Shneiderman, 2003). A set of visualization techniques are
imported to empower the exploration of traffic flows of BSS. A significant advantage of this scheme is that it benefits not only the city
administrators and BSS operators, but the users who wish to take full use of the facilities (Wood et al., 2011). To offer insights on the
spatio-temporal usage patterns of free-floating BSS, three visualization tools are developed, namely, Sliced Spatial Heatmap (SSH),
Space-Time Cube (STC) and O-D Proportion Flow Map (ODPFM).

SSH is a group of kernel density diagrams which demonstrate the spatial distribution of trip origins and destinations in several
time-periods in a day. It depicts the high activity points or areas in different time-ranges in an intuitional way and demonstrates the
supply-demand relationship of BSS. The dispersion degree of origins and destinations in different time periods is the focus of at-
tention. To measure the dispersion, the average nearest neighbor index (NNI) is introduced for each spatial distribution state. NNI is a
ratio calculated as the observed average distance between each point and its nearest neighbor divided by the expected average
distance given in a random pattern (Ebdon, 1985):

=NNI D
D
¯
¯
O

E (9)

where D̄O is the observed mean distance between each point and its nearest neighbor:

= =D
d

nŌ
i
n

i1
(10)
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and D̄E is the expected mean distance for the points given in a random pattern:

=D
n A

¯ 0.5
E

(11)

In Eqs. (10) and (11), di is the distance between point i and its nearest neighboring point, n corresponds to the total number of
points, and A is the area of a minimum enclosing rectangle around all points.

The visualization tool STC is inspired by 3D isosurface (Cheng et al., 2013). It is designed to be suitable for revealing the
imbalance features of BSS and visualizing the evolution of the usage frequency. Moreover, the interactive feature allows the online
analysis in the whole urban area when real-time stream data is available.

In the context of free-floating bike-sharing, the flow pattern is defined as the moving characteristics from one zone to another. The
mobility can be catalogued as intra-zone and inter-zone. To analyze the two types of mobility, ODPFM is designed to demonstrate the
patterns for a large number of flows. Compared to the visual analytics in the previous literature (e.g., Zhao et al., 2015a,b), the
ODPFM offers a more concise but informative fashion to demonstrate the flow patterns of free-floating BSS.

Overall, the logic of the model framework is remarked as the following. We start from probability modeling for the whole system
and capture the factors contributing to bike usage, then conduct an RF regression, and finally group the high activity points into
categories to discover the time-series patterns of BSS. Moreover, intuitional spatio-temporal patterns can be captured given the
origins and destinations visualized using the developed visualization tools. We argue that the framework can be widely applied to this
new-fashioned free-floating BSS to depict a full picture of the spatio-temporal usage patterns.

Fig. 2. Location and zoning of the studied area.
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4. Case study

4.1. The dataset

The data were collected by the embedded GPS devices on the Mobike shared bikes, which include the origin and destination (O-D)
pairs together with the start and end times of over 830,000 trips in September 2016 in Yangpu and Hongkou District in Shanghai,
China (Fig. 2). Each record of the dataset includes the following attributes: ID, Longitude Check-in, Latitude Check-in, Longitude
Check-out, Latitude Check-out, Start time and End time.

In addition, a wide variety of open-source data were collected in this research, including metro lines and stations, the road
network of cycling paths, demographic data, POI and land-use data. The metro and road network data were extracted from
OpenStreetMap (http://www.openstreetmap.org). The demographic data were provided by the local bureau of statistics. POI and
land-use data were collected and summarized on the basis of Google Map (http://maps.google.com). The study area is divided into 19
zones numbered from 0 to 18 as demonstrated in Fig. 2. For ease of analysis and visualization, a 48×48 spatial grid division with a
grid size of 220m by 220m is defined. Manipulations and analyses of the data are introduced in subsequent sections.

Time of day Time of day

Time of day Time of day

(a) (b)

(c) (d)

Fig. 3. Time-varying travel distance and duration of bike-sharing trips: (a) Box-plot of travel distance integrated by hours; (b) scatter-plot of travel
distance with marginal density; (c) box-plot of travel time integrated by hours; (b) scatter-plot of travel time with marginal density.
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4.2. Results

4.2.1. Distribution characteristics of travel distance and duration
The daily dynamic characteristics of BSS is shown in Fig. 3. The subplots (a) and (c) are boxplots of travel distance and travel time

grouped by hour, while subplots (b) and (d) are scatter-plots combined with density plots for horizontal and vertical axes. It is
uncovered that the maximums of both travel distance and time fall into the two time-ranges: 8:30–9:30 and 16:30–17:30; meanwhile,
the peak hours of bike usage also appear in the two narrow time ranges revealed by the side-plot along the time axis in subplot (b) and
(d). The results indicate that in the abovementioned two time ranges, the most shared bikes are on the ride so that the demand of the
system reaches the peak. It is noteworthy that the mean values of travel distance and time are always greater than the median
separately, showing an obvious right-skewed feature. This is also supported by the density plot of the two variables (the side-plots
along the vertical axes) in Fig. 3(b), (d) and the shape of the box-plots in Fig. 3(a), (c).

We apply the probability modeling to obtain the general characteristics of BSS trips, where the trip duration and distance are
deemed as the fundamental feature variables. The right-skewed or heavy-tailed feature of travel distance and time is strong evidence
that the travel distance and time in a BSS are not entirely random. In the literature, heavy-tailed distributions play a major role in the
analysis of many stochastic systems. Most common-used heavy-tailed distributions include power-law distributions and lognormal
distributions (Mitzenmacher, 2003). By assuming that the bike flow is a Poisson process, we also import exponential distributions
(known as special cases of Weibull distributions) as the alternative models (Foss et al., 2011; Shu et al., 2013). Thus, as mentioned in
Section 3.1, the three distributions are selected as the prior assumption distributions in this study. Then a bootstrapping procedure is
carried out to estimate the parameters of the distributions on the basis of maximum likelihood estimation. As demonstrated in
Fig. 4(a) and (b), the observed data, plotted as black scatters with log-log coordinate, is fitted by three assumed mathematical
distributions. A bootstrapping procedure is used to estimate the parameters of the distributions on the basis of MLE. The goodness-of-

Fig. 4. Distribution characteristics of travel distance and duration: (a, b) Observed data with the fitting results of heavy-tailed distributions for travel
distance and travel time; (c, d) probability density functions (PDF) and cumulative density functions (CDF) of log-normal distribution for travel
distance and travel time.
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fit is evaluated by the Kolmogorov-Smirnov statistics.
The fitting of power-law distribution is appropriate only within the range of 1.5–4.0 km for travel distance and 25–50min for

travel time. That is to say, the power-law distribution performs well only in the middle part of the data. The exponential distribution
performs better at the head of the travel distance and travel time distributions – within the range below 1.5 km and 25min re-
spectively. Nevertheless, at the tail of the data, the exponential distribution does not have a satisfied performance. It is clear that the
log-normal distribution provides the best fitting to the dataset. Furtherly, the result is in line with a few previous studies (Jiang et al.,
2009; Zhao et al., 2015a,b).

4.2.2. Factors influencing usage
We adopt RF to evaluate the importance of the factors influencing the usage of free-floating bike-sharing in different regions. The

algorithm is adopted mainly for the purpose of comparing the contribution degrees of the influencing factors. The package
randomForest (Liaw and Wiener, 2002) is used to implement the RF algorithm.

Various types of factors are selected for the evaluation of their contribution to the usage frequency. The factors include: (i) land-
use variables (residential area, commercial & office area, and park & green area); (ii) social-demographic variables (population and

Table 2
IncMSE and IncNP values of tested factors.

Factor Abbr. All times Morning peak Off-peak Evening peak

IncMSE(%) IncNP(109) IncMSE(%) IncNP(107) IncMSE(%) IncNP(107) IncMSE(%) IncNP(107)

Land-use:
Park & green area PA 7.72a 1.51a 3.64a 5.77a 5.81a 11.34 4.01a 8.47
Commercial & office area CA 3.96 1.00 1.38 3.08 8.48a 14.18a 6.80a 11.17a

Residential area RA 10.19a 1.78a 6.71a 9.10a 3.82 5.66 4.30 8.89

Social-demographic:
Population PO 6.59a 1.69a 3.29a 6.55a 2.99 7.74 0.28 7.16
Proportion of migrant MP −0.27 0.42 −0.13 0.66 −0.41 7.92 −0.63 4.07

POI:
No. of metro stations MS −0.16 0.27 −0.05 0.21 0.07 7.41 0.19 6.83
No. of bus stops BS 3.69 1.01 1.85 4.82 3.83 12.64a 3.64 9.74
No. of schools SC 4.75 0.99 1.81 4.04 7.75a 14.44a 3.63 10.77a

No. of hospitals HO −0.64 0.15 −0.03 0.36 −0.41 1.97 −0.07 1.00

Cycling Environment:
Bike-lane length RL 6.15 1.17 1.43 4.51 3.47 8.57 6.94a 11.39a

a The first three important factors in a specific measure.

Fig. 5. Importance of factors impacting the usage frequency in an area.
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the proportion of migrant); (iii) POI variables (number of schools, hospitals, bus stops, and metro stations); and (iv) cycling en-
vironment variable (the length of bike lane). The data were group by zones as shown in Fig. 2 and standardized before inputting to
the RF algorithm. We assume that the observations are independent, which is the hypothetical condition of RF. Also, the predictive
variables consist of not only the usage in the whole day but also in different time-periods including morning peak (7:00–10:00), off-
peak in the daytime (10:00–16:00) and evening peak (16:00–19:00) for finding the possible differences in these periods.

As mentioned in Section 3, the importance of each variable is measured by IncMSE and IncNodePurity (IncNP). Large positive
values of IncMSE and IncNodePurity indicate that variables are more predictive, whereas zero or negative values identify variables
not predictive. That is, the two indicators can be used to demonstrate variable importance (a.k.a. variable ranking). Note that there
might be a mismatch between IncMSE and IncNodePurity for the important variables. In this case, IncMSE is favored since it is a more
stable representation of the importance of the variables (Breiman, 2001). The results are shown in Table 2 and visualized in Fig. 5.

For the usage frequency for the whole day, the three most important factors are residential area, park & green area and popu-
lation. It reveals that the high residential density is one of the most important factors of bike trips and should be viewed as an
important consideration for BSS deployment. Equally important is the park & green area, which might contribute to the number of
trips for recreation. In contrast, the proportion of migrant, the number of hospitals, and the number of metro stations are less
important as reflected by the negative IncMSE value.

The most important factors in the morning peak are identical to those for the whole day. Usage frequency in off-peak of daytime is
mainly affected by the commercial & office area, the number of schools together with the park & green area, which is reasonable
because the intra-zone mobility in commercial & office area and school distinct is dominant in the daytime. The result also implies
that a proportion of off-peak bike trips are recreation-oriented due to the high contribution of park & green area. In the evening peak,
the leading factors are the length of bike lane, commercial & office area, and park & green area. It indicates that the level of bike
traffic facilities also affects the usage of BSS significantly. These results have large implications for the operational management of
BSS.

4.2.3. Bike-sharing usage around metro stations
Metro stations are deemed as the important transfer sites connecting BSS and urban transit. The statistics on the dataset show that

more than 45% of the check-in points are located within a 300-m radius of metro stations. In this section, a complete linkage
hierarchical clustering method is conducted to analyze the usage characteristics around metro stations. Buffers with 300-m radius for
each metro station are created in the studied area, and the trips starting within the buffers are considered as the metro-related trips.
The whole day is divided into 48 time-slots: t1(0:00–0:30), t2(0:30–1:00), …, t48(23:30–24:00) and the feature vectors and the
distance matrix are constructed. Based on the preprocessing, the hierarchical clustering algorithm is adopted to identify the temporal
usage patterns.

Fig. 6. Dendrogram for temporal usage patterns around metro stations.
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The dendrogram is demonstrated in Fig. 6. Overall, the usage of free-floating BSS concentrates in the morning and evening peak
time-slots, but the specific features vary from one station to another. Furtherly, when we cut the cluster tree in different heights, the
interpretations of the clustering result are different. As shown in Fig. 6, the tree is cut to obtain five clusters identified by the color bar
on the left-hand side of the heatmap. Excluding the exceptional cases, i.e., Cluster 4 and Cluster 5, there exist three patterns of the
metro stations:

• Cluster 1 includes the stations with both significant morning and evening peaks of bike usage.
• Cluster 2 consists of stations only with significant evening usage peak.
• Cluster 3 consists of stations only with significant morning usage peak.
An important cause of the partition pattern might be due to the land-use characteristics around the stations. Due to the existence

of morning and evening peaks, it should be convincing to assume that the major part of the bike trips is commuting-oriented. It is also
reasonable that the bike trips lie at both ends of the trip chains. In the three clusters, Cluster 1 can be viewed as the standard mode
because both morning and evening peaks are observed. While for stations with only significant evening peak in Cluster 2, the
surrounding areas may have sufficient commercial, cultural or leisure facilities so that shopping and recreation trips probably are
made with shared bikes. As for the morning usage peak of Cluster 3, it can be inferred that these stations are located in the industrial
area and generate demand from metro stations to the workplace. Note that the origins in different time-ranges are used as the input of
the clustering algorithm. If the destinations are applied instead, the conclusion will be so in the other way around. The derived results
are deemed as the special characteristics in the researched area; in other cities, the phenomenon can be quite different. For example, a
related study in Daejeon has divergent outcomes (Kim, 2018).

4.2.4. Visualization analysis
The designed visualization tools mentioned in Section 3 are tested to demonstrate the spatio-temporal patterns of the BSS trips.

The SSH generated by the dataset is shown in Fig. 7. It provides perceptual evidence that the metro stations attract a considerable
share of bike usage, which is mentioned in Section 4.2.3. The result is also consistent with other studies, e.g. El-Assi et al. (2017). It
can be seen that the trip origins and destinations have quite different distribution patterns in different time periods. To measure the
dispersion degrees, NNIs are calculated according to Eq. (9) and labeled in each subplot of Fig. 7. Note that a greater NNI means a
higher dispersion degree. It can be observed that the variation trend of both origins and destinations is increasing before 16:00 and
decreasing in the evening peak. The lower dispersion degree appears in the morning and evening peak, indicating that the use of
shared bikes is concentrated in fewer hotspots, mainly referring to the abovementioned metro stations. In contrast, the dispersion
degree is higher during the off-peak hours (10:00–13:00 and 13:00–16:00) in the daytime. It is because the mobility of shared bikes
extends to the surrounding area of the metro stations. This is consistent with the findings in Fig. 4 that the attraction and generation
are closer to equilibrium and the intra-zone mobility in the central business and office area (Zone 13) and the cultural and educa-
tional district (Zone 8).
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Fig. 7. Sliced Spatial Heatmap of the studied area.
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The STCs are shown in Fig. 8, where x-y coordinate axes represent planar positions and z-axis represents the time evolution. Color
values represent the usage frequencies of a spatial-temporal position. The spatio-temporal usage hotspots marked with crimson can be
readily found out from the figure. The tool can be regarded as the 3D version of SSH with a consecutive time dimension.

The ODPFM tool is created based on the “flows” package3 in the Comprehensive R Archive Network (CRAN) and can be used to
visualize flow patterns of any traffic system. The source code of the package has been modified and improved according to the new
features.4 As an ordinary undirected flow map, the ODPFM shows linear mobility between places and consists of nodes and links. The
similarities between ODPFM and a normal undirected flow map in the geographic information system (GIS) include:

• The line (link) represents the connectivity between two different places (nodes).
• The size of the line (i.e. line width) indicates the intensity of the connectivity.
Whereas, the differences between them consist of:

• The size (area) of the point is the quantification of the mobility within the range of the zone, called intra-zone mobility.
• The symbol color corresponds to the proportion of inflow = +

Inflow
Inflow Outflow , reflecting the extent of trip attraction and generation.

When γ=0.5, attraction and generation are in equilibrium; γ > 0.5 indicates attraction dominance, and vice versa.

Shown in Fig. 9 is the ODPFM created from the dataset. Note that Zone 7 is a major residential area, Zone 13 is the central
business area, and a university is located in Zone 8. In the morning peak (7:00–10:00), Zone 7 is generation-dominant while Zone 13
and Zone 8 are attraction-dominant (identified by the node color), demonstrating the dominant flow direction: from the residential
area to business area and schools/colleges. In contrast, the flow direction reverses in the evening peak (16:00–19:00). It is also
interesting to see that the intra-zone mobility in Zone 7 is only intense in the morning, which implies that shared bike is an important
traffic mode between home and metro stations or bus stops, but this seems insignificant in residential areas in the evening peak.
Contrary to that, the intra-zone flow rate in the business area is relatively low in the morning peak but very high in the evening peak
as the example of Zone 13.

The three tools are aimed at combining the spatial and temporal dimensions to convey more comprehensive information about the
dynamics of BSS. It is demonstrated that these approaches are effective to identify changes in travel behavior in space and time.

5. Conclusions and future research directions

The boom of free-floating bike-sharing has been fueled by technological developments in recent years. As a burgeoning traffic
mode, research on the trip characteristics of free-floating bike-sharing is still in its early stage. This paper presents a model framework

Fig. 8. Space-Time Cube of the studied area: (a) Check-in frequency; (b) Check-out frequency.

3 https://cran.r-project.org/web/packages/flows/index.html.
4 The modified code can be accessed from the GitHub repository of the authors (https://github.com/FwDeng/ODPFM).
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designed to explore the spatio-temporal patterns of free-floating BSS. The framework incorporates a wide range of data mining
techniques, which can be used in real scenarios for different temporal and spatial scales. The probability modeling technique is
imported to explore the general characteristics of travel distance and time for bike-sharing trips. RF algorithm is adopted to interpret
the difference in usage frequency between regions in the studied area. A clustering-based time-domain analysis method can be used to
capture the temporal usage pattern in the neighborhood of different sites. Three powerful visualization tools including SSH, STC and
ODPFM are developed to get the insights from the bike-sharing data.

The case study based on the Mobike dataset from Shanghai produces many valuable findings. It is uncovered that the trip time and
distance statistically follow log-normal distributions, deviating from the power-law distributions which are adopted to model the
characteristics of human mobility (González et al., 2008). This result lays a foundation of the simulation model that depicts as closely
as possible the real behavior of a free-floating BSS (Caggiani et al., 2018). Also, we find that residential area, park & green area, and
population are the top three factors which contribute to the usage frequency of BSS, which is basically consistent with the results in
the literature (e.g., El-Assi et al., 2017; Zhao et al., 2014). However, for different times of the day, the degrees of contribution of
different variables are slightly different. Metro stations are selected as usage hotspots, and the hierarchical clustering method is
adopted to find the typical temporal usage patterns. The usage patterns can be grouped into three distinct types. As proposed in Zhou
(2015), the difference between these types reflect in the over-demand patterns in the morning and evening peak hours. In addition, a
visualization toolset is verified to be useful to capture the dynamics of BSS. The results show that the developed models enable the
spatial and temporal analyses of the dynamics of free-floating BSS.

Despite a thorough investigation of the spatial-temporal patterns of BSS in the present paper, there are several issues which need
to be furtherly explored. First, only spatial variables are taken into account in the RF regression in this paper; however, time-varying
factors such as weather and calendar events can also be imported. The coupling effect of spatial and temporal factors on BSS usage

Fig. 9. O-D Proportion Flow Map of the studied area.
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should be furtherly investigated. Second, the increasing monitoring data can be considered for measuring cycling environment. For
example, methodologies based on bike speed data (Joo et al., 2015) and Google street view (Gullón et al., 2015) were proposed in
literature other than using the length of bike lane. Third, for clustering analysis, the construction of feature vector may not only
involve usage frequency but comprise travel time or distance to get more fine-grained results. In this case, one of the difficulties lies in
the proper design of similarity measurement due to the higher dimensions of features. In addition, the characteristics associated with
each cluster need to be further investigated in future research. Finally, the synergy with other travel modes in space-time multimodal
networks (Liao et al., 2010, 2013; Liao, 2016) needs to be considered in the future version of the model framework.
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