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Abstract  The travel behavior of passengers from the transportation hub within the city 
area is critical for travel demand analysis, security monitoring, and supporting traffic 
facilities designing. However, the traditional methods used to study the travel behavior of 
the passengers inside the city are time and labor consuming. The records of the cellular 
communication provide a potential huge data source for this study to follow the move-
ment of passengers. This study focuses on the passengers’ travel behavior of the Hongqiao 
transportation hub in Shanghai, China, utilizing the mobile phone data. First, a systematic 
and novel method is presented to extract the trip information from the mobile phone data. 
Several key travel characteristics of passengers, including passengers traveling inside the 
city and between cities, are analyzed and compared. The results show that the proposed 
method is effective to obtain the travel trajectories of mobile phone users. Besides, the 
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travel behavior of incity passengers and external passengers are quite different. Then, the 
correlation analysis of the passengers’ travel trajectories is provided to research the avail-
ability of the comprehensive area. Moreover, the results of the correlation analysis further 
indicate that the comprehensive area of the Hongqiao hub plays a relatively important role 
in passengers’ daily travel.

Keywords  Mobile phone data · Travel behavior · Transportation hub · Digital travel 
trajectory · Correlation analysis

Introduction

Passenger transportation hub is the transfer center for passengers to transfer between differ-
ent transportation modes. The rapid development of aviation, high-speed railway and metro 
has made the passengers’ daily travel more convenient, which also has enhanced the impor-
tance of the passenger transportation hubs. A comprehensive passenger transportation hub 
may attract hundreds of thousands of passengers on a typical day. Researchers have paid 
their attention to monitoring and modeling the passenger flow inside the transportation 
hubs, utilizing the methods such as simulation (Zhang et al. 2008; King et al. 2014) and 
field research (Cheung and Lam 1998; Srikukenthiran et al. 2013). The travel behavior of 
hub passengers outside the hub but within the city scope is also important, because the 
transportation planners need such information to analyze the traffic demand related to the 
hub and design supporting traffic facilities, such as bus lines and metro lines in the city. It 
is also crucial to understand passengers’ travel patterns and figure out whether the patterns 
are different from the general human mobility patterns. However, the travel behavior of the 
hub passengers in the urban areas has received little attention, mainly because it is difficult 
to collect the passengers’ trip information. Travel surveys like questionnaires and telephone 
interviews are not cost effective methods because they are time and labor consuming. 
Insufficient information poses an obstacle to the understanding of the interaction relation-
ship between the operation of the transportation hubs and the passengers’ travel behavior.

In recent years, there are several new data sources which are used to study the human 
travel behavior, including GPS data, social network data, mobile phone data, etc. Com-
pared to the traditional travel survey methods, the new data sources can record the users’ 
locations on the digital maps which can trace the users’ travel trajectories conveniently and 
timely. The position accuracy of the GPS data is at meter level which is higher than that of 
other data sources. However, the GPS data used for the travel behavior research is normally 
collected from a limited number of volunteers. Thus, the researchers usually use the GPS 
data to study the individuals’ travel behavior and travel patterns (Shen et  al. 2013). The 
social network data has a relatively larger sample size, while the samples tend to be biased 
since the subscribers are from only certain social groups (Sagl et al. 2014). As the involun-
tary location information generated by the entire users, the sample size of the mobile phone 
data is huge and the samples are unbiased. Therefore, the mobile phone data is suitable for 
studying the general human travel behavior. Furthermore, special categories of users, such 
as the hub passengers, can also be studied without the limit of the sample coverage, which 
makes the mobile phone data an ideal data source for this study.

The mobile phone data has already been used to collect the traffic information in previ-
ous studies, including the traffic state (Zhang et al. 2015; He et al. 2016) and the human 
travel behavior (Gonzalez et al. 2008; Calabrese et al. 2013). The data record is generated, 
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which contains a timestamp and an approximate location, when a mobile phone connects 
to the communication network for events like texting, calling, etc. To analyze the travel 
behavior, the users can be traced by studying the digital footprints they left in the wire-
less communication space. The privacy of the users is protected by encrypting the user ID 
in the data records. Furthermore, the ownership ratio of the mobile phones has increased 
sharply in the past decades, even in the developing countries, which guarantees the mobile 
phone data has a sample coverage which is large enough for studying the travel behavior.

Although the mobile phone data can’t provide personal information of the users, such as 
age, gender, and income, it tends to be an effective way to characterize the general travel 
behavior of the hub passengers using the mobile phone data. This study tries to analyze 
the passengers’ travel behavior of an international transportation hub in Shanghai, China. 
In the next section, a literature review is presented to briefly introduce the previous stud-
ies about extracting travel trajectories and analyzing human travel behavior using the 
mobile phone data. Next, the transportation hub and the mobile phone data in this study 
are described, due to that the information is necessary for the following research. Then, 
a method is proposed to identify the staying points and collect the trip information of the 
mobile phone users. The fifth section details the results of the travel behavior analysis. In 
the sixth section, the availability analysis for the comprehensive area is illustrated and ana-
lyzed. Finally, the conclusion and the future work are addressed.

Literature review

Travel trajectory extracting

With the rapid development of cellular technology, the mobile phone data has become an 
outstanding data source to analyze the travel behavior of users. The mobile phone data con-
tains the temporal and spatial information of each active mobile phone, which is essential 
for extracting the travel trajectories of the users. To study the travel behavior, it is neces-
sary to transform the mobile phone data into trip data (Asakura and Hato 2004). Therefore, 
stay locations where users conduct their activities should be identified based on the mobile 
phone data. In previous studies, there were two principal methods presented to solve the 
problem.

In the first method, the mobile phone records of each user are clustered in chronological 
order. The trips are then formed with the continuous stop clusters. In this method, the tem-
poral intervals and the spatial distances between location points (i.e., the records) are cal-
culated, so that the temporal and the spatial thresholds can be used to cluster the location 
points. Asakura and Hato (2004) first illustrated a labeling algorithm with the temporal and 
spatial thresholds to provide trip attributes to each point including moving and stopping. A 
cluster of continuous stopping points would be identified as a stay location. Phithakkitnu-
koon et al. (2010) divided the continuous location points into discrete clusters based on the 
distance criterion. A cluster was set as an activity location if the duration time of the clus-
ter exceeded a certain time threshold. Calabrese et al. (2013) calculated the maximum dis-
tance and the maximum time interval between location points in a cluster to verify whether 
they satisfied the thresholds as an activity location.

Different from the first one, the second method disregards the time order when identify-
ing stay locations, which usually needs multiple days of records. Alexander et al. (2015) 
and Jiang et al. (2017) adopted multiple days of records to divide the user’s total location 
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points on these days into several clusters using the spatial criterion. The location points in 
the same cluster were close in space, while they may be far apart in time (even on differ-
ent days). Then, the cluster was regarded as a stay location if at least one of the user’s stay 
durations in the cluster exceeded the temporal threshold on the research days. Therefore, all 
stay locations on the research days were identified for the user, although he/she didn’t have 
to stop at all the stay locations on each day. In a related study, Chen et al. (2014) proposed 
an innovative method using a logistic regression model to estimate the attributes of the 
clusters (staying or moving) based on a shape variable and a volume variable. This work 
testified that location points in the staying clusters were more likely to be distributed in all 
directions, whereas moving points were more likely to be distributed along a linear line.

In this study, it is not appropriate to use the second method to extract travel trajectories 
of the hub passengers. Since some of the hub passengers are not the city residents, it is 
difficult to find multiple days of their records in the city to support the study. They also 
tend not to visit a place for several times in the urban area. However, the previous studies 
related to the first method didn’t consider the distribution characteristics of location points 
illustrated in Chen et al. (2014). The characteristics should be helpful to estimate the trip 
attitudes of the location points. Therefore, this study attempts to combine the temporal-
spatial thresholds and the distribution characteristics of location points to propose a novel 
travel trajectory extracting method.

Travel behavior analysis

There were a number of previous studies analyzing the users’ travel behavior based on 
the collected travel trajectories. Gonzalez et  al. (2008) discovered a vital rule govern-
ing people’s movements that the distribution of the trip distances over all users was well 
approximated by a truncated power-law. Calabrese et  al. (2013) used the distribution to 
test the trips they identified and found that the truncated power-law had slightly differ-
ent coefficients for people living in different regions, which is attributed to different built 
environments. According to the basic distribution rule, the regularity and predictability of 
the human’s mobility were explored by measuring the entropy of each individual’s travel 
trajectory. The accuracy of the predict algorithms was surveyed to show the difference 
between predictability in practice and theory (Song et al. 2010). Besides the travel patterns, 
the trip information required in the travel survey was also studied, such as the origin–des-
tination (OD) estimation. Previous studies had proposed methods to extract OD data over 
the city scope. Pan et al. (2006) proposed the procedure of setting up a cellular-based OD 
collecting system and collected the trip distribution between each OD pair. Zhang et  al. 
(2010) designed a mathematic model to convert the cellular counts into equivalent vehicle 
counts according to the cellular probe trajectories. Calabrese et al. (2011) studied the OD 
flow in different time durations to analyze the periodical traffic patterns. Frias-Martinez 
et al. (2012) adopted certain temporal association rules to identify the home/work locations 
and proposed a method to estimate commuter trips. Fang et al. (2014) conducted case stud-
ies in four major cities in China and validated the feasibility of proposed methodologies. In 
addition, the data from social networks was also applied in the research of estimating OD 
matrix with the mobile phone data for comparison (Rokib et al. 2015).

This study focuses on a transportation hub to analyze the travel behavior of passengers, 
which is different from previous studies. Moreover, the mobile phone data records in this 
study contain more events than the call detail records used in previous studies (Calabrese 
et al. 2013; Gonzalez et al. 2008), such as handover, location update, etc. Thus, the data 
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records tend to have better temporal precision for characterizing the travel trajectories, 
while the data processing work is more complicated.

Datasets

Study area

This study is mainly focused on the area of the Hongqiao hub located in the city of Shanghai, 
China, which can be categorized into the core area and the comprehensive area. Figure 1a 
shows the location of the Hongqiao hub in the city and enlarges the two areas in the top left 
corner. The area circled by the blue line is the central urban area. Figure 1b illustrates the 
relation between different areas. The definition of each area is explained as follows:

The core area is the distribution center of passengers from different transportation 
modes, which contains an airport terminal, a railway station, a coach station, two subway 
stations, and several bus stations.

The comprehensive area is an area planned based on the core area with the support-
ive functions such as residence and commerce. This area is located adjacent to the central 
urban area. The main aim of the comprehensive area is to provide services for the hub 
passengers and promote the economic development utilizing the passenger attraction of 
the core area. In this paper, the two areas are separated to avoid misunderstanding, i.e., the 
comprehensive area doesn’t cover the core area.

The communication area is an active area in the wireless communication space for 
passengers in the core area. Because the wireless signal is not restricted by the physical 
boundary, the mobile phones of passengers can connect the base stations around the core 
area. Thus, the area is defined as the base stations mainly serving for passengers in the core 
area. In our previous study (Zhong et al. 2017), this virtual area was proposed to obtain the 
passengers’ information from the mobile phone dataset. This study continues to use the 
obtained information (as illustrated in Mobile phone data subsection) to study the travel 
behavior of hub passengers.

Fig. 1   Geographic information of Hongqiao transportation hub. a Location of the hub area in the city. b 
Sketch map of the hub area
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The core area enclosed by the purple line is around 50,000 m2, while the comprehensive 
area enclosed by the red line is around 26.26 km2. As one of the largest transportation hubs in 
China, the Hongqiao hub serves for hundreds of thousands of passengers every day. It plays a 
significant role in the development of the city and the country. The passenger information on 
the official website shows that the average daily number of passengers in the whole hub area is 
around 684,300 in 2013 (Shanghai Hongqiao Central Business District 2013). The huge pas-
senger volume indicates the importance of analyzing the travel behavior of passengers, which 
is necessary for planning the interchange facilities related to the hub such as bus lines, metro 
lines, etc. Moreover, the passengers’ travel behavior also affects the development of the com-
prehensive area.

Mobile phone data

The mobile phone dataset was collected from roughly 18 million users in Shanghai over a 
period of 12 days from November 19 to 30 in 2013. The record is generated when a device 
connects to the cellular network for events like calling, texting, handover, location update, etc. 
There are five segments in each record, including an anonymous user ID, a Location Area 
Code (LAC), a Cell ID, a timestamp, and an event ID. The two segments, LAC and Cell ID, 
can be used to locate the users at the cellular tower level. More than 60,000 cellular towers 
can be found in Shanghai from the dataset, with a spacing gap ranging from under 50 m in 
the downtown area to around 1500 m in the suburb district, as shown in Table 1. Overall, 
most cellular towers are less than 200 m away from the closest neighbor towers. Besides, the 
Voronoi grid is employed to display the distribution of the approximate reception area of each 
tower (Gonzalez et al. 2008) in Fig. 2. In Fig. 2a, it can be found that the density of the Voro-
noi grid in the central urban area tend to be higher than that in the suburb area. Figure 2b dis-
plays the distribution of the grids in the comprehensive area of the Hongqiao hub. 

In order to explore the travel behavior of passengers, the hub passengers should be first 
identified from the mobile phone users. In our previous study (Zhong et al. 2017), a method 
was introduced to identify the communication area of the hub and extract the users having 
appeared in the core area. Besides, a classification method was also presented to distinguish 
incity passengers from external passengers. The definitions of the two categories of passen-
gers are listed as follow:

Incity passengers - people who travel inside Shanghai using the travel modes in the hub, 
mainly composing of residents.

External passengers - people who travel between Shanghai and other cities using the travel 
modes in the hub, mainly composing of tourists, businessmen, etc.

Based on the identification results, two datasets are extracted to research the travel behavior 
of passengers as follow:

Dataset D1 - This dataset contains the records of all passengers who have appeared in 
the core area of the hub on two workdays (November 20–21, 2013) and two non-workdays 
(November 23–24, 2013, weekend). The average number of unique user IDs is about 400,000 

Table 1   The percentage of cellular towers in each spacing gap range

Range (m) 0–50 50–100 100–200 200–500 500–1000 1000–1500 > 1500

Percentage 39.42 28.76 20.28 9.88 1.44 0.18 0.04
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on each day, including both incity passengers and external passengers. This study attempts to 
employ the dataset to explore the travel behavior of passengers in the following sections.

Dataset D2 - This dataset captures the records of 400,000 users randomly picked from 
the users who can be observed on each day in the mobile phone dataset. These users 
appeared in the city on 12 continuous days, which indicates they tend to have the trip 
characteristics of residents. The dataset contains the data of these users on four workdays 
(November 19–22, 2013), which is used to test the travel trajectory extracting method for 
validation and comparison.

The inter-event time, i.e., the time interval between two consecutive records, should 
be first analyzed for each user to manifest that the events generating records are frequent 
enough to characterize the passengers’ movements. The average inter-event times of all 
users in D1 and D2 are respectively around 17 and 45 min. They are much lower than that 
in Calabrese et al. (2013) because the dataset in this study contains more events than the 
call detail records (CDRs).

Method of extracting passenger trajectory

The mobile phone data contains the spatial and temporal information of the users. It is 
necessary to transfer the information into travel trajectories that are normally used in travel 
behavior analysis. The attributes of the location points. (i.e., the data records) should be 
decided first, whether moving or staying. Chen et al. (2014) illustrated that staying points 
in one place were more likely to be distributed in all directions, whereas moving points 
were more likely to be distributed along a linear line. A cluster of staying points tend to be 
located in a circle with a limited radius as shown in Fig. 3. The attributes can be figured out 
by measuring the minimum radius of the circle that can enclose the tested location points. 

Fig. 2   The approximate reception area of each cellular tower shown as Voronoi grid. a Voronoi grids in the 
city of Shanghai. b Voronoi grids in the comprehensive area of the Hongqiao hub
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Based on the moving-or-staying identification, travel trajectories can be recognized from 
the mobile phone data.

Minimum enclosing circle problem

To find the minimum circle that can enclose the tested location points, a classical prob-
lem needs to be solved, i.e., minimum enclosing circle problem, which is an interesting 
problem having been studied for decades (Xu et  al. 2003). Given a cluster of points on 
the Euclidean plane, P =

{
p1,… , pn

}
 , the problem is to find the circle with the minimum 

radius that encloses all points in the cluster. In this study, the set of points in the problem is 
a set of location points in the mobile phone dataset. The randomized incremental algorithm 
(RIA) (De Berg et al. 2008) with the time complexity as O(n) is utilized to solve the prob-
lem. The process of the algorithm needs to add a new point into the existing cluster first, 
which is similar to the process in our identification algorithm.

Moving‑or‑staying identification algorithm

Considering the distribution characteristics of the location points, our identification algo-
rithm is developed following the work in Asakura and Hato (2004). Their algorithm is 
briefly introduced as following:

1.	 The point at the present time t has two possible attributes including staying and provi-
sionally moving. The second one means the specific moving-or-staying status can’t be 
decided at the moment. The attribute of the point at the following time t + 1 should be 
identified next.

2.	 If the point t is staying, (x̄, ȳ) is used to represent the averaged coordinate of the preced-
ing N staying points till time t. The distance is calculated between the averaged position 
and the position of point t + 1, 

(
xt+1, yt+1

)
 . Point t + 1 is identified as staying point, if 

the distance is smaller than the given threshold, otherwise the attribute is provisionally 
moving.

Fig. 3   Distribution characteris-
tics of the location points (stay-
ing points and moving points)
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3.	 If point t is provisionally moving, the distance between point t and point t + 1 is com-
pared with the threshold. When the distance is smaller, both points are set as staying. 
Otherwise, point t is staying and point t + 1 is provisionally moving.

4.	 Time constraint is used to eliminate the stops with short stay time. The attributes 
of points at the stop are replaced by moving, if the staying time is shorter than the 
time threshold.

In step 2 of the algorithm, the distance between the averaged position of the pro-
ceeding staying points and the position of point t + 1 is used to decide the attribute of 
point t + 1. However, the algorithm may make mistakes when the user moves slowly, 
such as walking along a street. The distance between the starting point and point t + 1 
may be long enough for a trip, but point t + 1 can still be identified as staying because 
the distance gets shorter when the positions of the proceeding points are averaged. 
The problem can affect the trip generation by neglecting a trip between two staying 
locations or dividing one trip into several segments with additional identified staying 
locations.

To avoid this problem, circles are utilized to limit the distribution of the staying 
points. The attributes of the location points are identified based on the radius of the 
minimum enclosing circle. If the minimum radius of the circle is short enough, the 
time interval of the cluster is also needed to be calculated. The attributes of the points 
are set as staying at one place if the time interval exceeds the threshold. Once the 
radius is longer than the critical radius after adding a new point to the cluster, the point 
is possibly moving. The attributes of the points are identified in chronological order.

For the i-th point pi, there are three possible initial attributes including staying, 
provisionally moving and provisionally staying. The latter two attributes mean that 
there are two possibilities for this point, while the specific attribute of the point can-
not be determined at this moment. More specifically, the i-th point is displayed as 
pi =

{
xi, yi, ti

}
 , where 

(
xi, yi

)
 is the coordinates of the point in UTM reference frame 

and ti is the timestamp of the point. The first and the last point of a user on a certain 
day are set as staying to study the travel behavior of both incity passengers and exter-
nal passengers.

First case: pi is staying

Since pi is staying, there is a cluster of points staying at the same place with pi which 
can be defined as the k-th staying cluster. The k-th staying cluster is denoted by:

To identify the attribute of the i + 1-th point, pi+1 is added into the cluster Pk
S
 tem-

porarily. Then the radius of the minimum enclosing circle of the cluster, Ri+1, is calcu-
lated. When Ri+1 is smaller than the threshold radius, the attribute of pi+1 is identified 
as staying. The k-th staying cluster is formally set as Pk

S
=
{
pi−m+1,… , pi+1

}
 . The stay-

ing place of the cluster is updated to the center of the minimum enclosing circle, (xi+1, 
yi+1). If Ri+1 exceeds the threshold radius, the attribute of pi+1 is set as provisionally 
moving while the k-th staying cluster remains unchanged, Pk

S
=
{
pi−m+1,… , pi

}
 . There 

is a temporary cluster to store the points whose attributes are temporarily uncertain, 
which is denoted as PT =

{
pi+1

}
 . Then the algorithm goes to the next location point.

(1)Pk
S
=
{
pi−m+1,… , pi

}
, m = 1, 2, 3…
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Second case: pi is provisionally moving

The point pi+1 should be put into the temporary cluster PT =
{
pi
}
 to calculate the radius of 

the minimum enclosing circle. If Ri+1 is still longer than the threshold radius, pi is identi-
fied as moving and put into the moving cluster which stores the moving points between two 
consecutive staying clusters. The k-th moving cluster is denoted by:

In the meantime, pi+1 is categorized as provisionally moving while the temporary cluster 
is set as PT =

{
pi+1

}
 . Otherwise, the time interval between pi and pi+1 (denoted as Δti,i+1 ) 

is measured, when Ri+1 is within the threshold radius. If Δti,i+1 exceeds the threshold time 
interval, pi and pi+1 are both identified as staying. They compose a new staying cluster 
Pk+1
S

=
{
pi, pi+1

}
 . If Δti,i+1 is shorter than the threshold time interval, the attributes are set 

as provisionally staying for the two points, PT =
{
pi, pi+1

}
.

Third case: pi is provisionally staying

The points in the temporary cluster PT =
{
pi−m,… , pi

}
, (m = 1, 2, 3…) containing no less 

than two elements are with the same attribute, i.e., provisionally staying. The radius of the 
minimum enclosing circle is calculated after adding pi+1 into the cluster. In the case that 
Ri+1 is longer than the threshold radius, the points in PT are all identified as moving except 
pi+1 which is identified as provisionally moving. When Ri+1 is within the threshold radius, 
the time interval between pi−m and pi+1 need to be counted. If Δti−m,i+1 exceeds the thresh-
old time interval, the points in the cluster PT are identified as staying. The new staying 
cluster is Pk+1

S
=
{
pi−m,… , pi+1

}
 . Otherwise, the attributes of the points in the cluster PT 

are still provisionally staying, PT =
{
pi−m,… , pi+1

}
.

Generating travel trajectory

To generate the travel trajectory of a given user, the results of the identification need to be 
further processed. For a set of continuous staying points in the staying cluster Pk

S
 , they are 

all assumed to be located at one virtual place, i.e., the center of the minimum enclosing 
circle, ( xs

k
, ys

k
 ). In addition, the travel trajectory also needs to contain the temporal infor-

mation. The arrival time ( ta
k
 ) and the departure time ( td

k
 ) should be figured out for the user 

staying at the virtual place. In the work of Asakura and Hato (2004), the departure time 
was defined as the half of the observe times of the last point in a staying cluster and the 
first point in the next moving cluster. The arrival time was defined as the same way. The 
results of the method tend to be rough, especially when the average inter-event time of the 
data is large. Widhalm et al. (2015) proposed a method to estimate the arrival/departure 
time based on an assumed lower bound for the travel time between two staying clusters. 
However, the method tends to be less reliable when there is no certain rule to set the lower 
bound for the travel time. In this paper, a more detailed method is proposed to estimate ta

k
 

and td
k
 based on the information of the location points in the staying cluster and the adjacent 

moving clusters.
For the staying cluster Pk

S
=
{
pi,… , pi+b

}
 , the adjacent moving clusters are assumed 

to be Pl
M
=
{
pi−a,… , pi−1

}
 and Pl+1

M
=
{
pi+b+1,… , pi+b+c

}
 (a, c = 2,3…, b = 1,2,3…), 

as shown in Fig.  4. The average moving speed of the user in Pl
M

 can be calculated 
using the distance ( Δdi−a,i−1 ) and the time interval ( Δti−a,i−1 ) between pi−a and pi−1 , 
vl = Δdi−a,i−1∕Δti−a,i−1 . It is assumed that the average moving speed from the departure 

(2)Pk
M
=
{
pi−m+1,… , pi

}
, m = 1, 2, 3…
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of Pk−1
S

 to the arrival of Pk
S
 is equal to vl . Thus, the arrival time in theory ( ̃ta

k
 ) of Pk

S
 can be 

calculated. The actual arrival time is set as the minimum number of the theory value and 
the timestamp of pi.

According to the same method, the departure time of Pk
S
 is calculated as:

However, the average moving speed between two staying clusters can’t be obtained 
when there is no more than one point in the adjacent moving cluster between them. For the 
staying cluster Pk

S
=
{
pi,… , pi+b

}
 having no adjacent moving clusters with more than one 

point, the method is simplified as follows.
If there is no point in the adjacent moving cluster,

(3)t̃a
k
= ti−1 +

√(
xi−1 − xs

k

)2
+
(
yi−1 − ys

k

)2

vl

(4)ta
k
= min

(
t̃a
k
, ti

)

(5)t̃d
k
= ti+b+1 −

√(
xs
k
− xi+b+1

)2
+
(
ys
k
− yi+b+1

)2

vl+1

(6)td
k
= max

(
t̃d
k
, ti+b

)

Fig. 4   Staying clusters and moving clusters
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If there is only one point in the adjacent moving cluster,

Based on the analysis, the k-th trip stop of the user is defined as Sk= (xs
k
, ys

k
, ta
k
, td
k
 ). Two 

consecutive trip stops compose one trip candidate of the user, while not all trip candidates 
are valid. Li (2015) classified the collected trip candidates into four categories to exclude 
the invalid ones, which is also used in this study to generate the valid trips. The travel tra-
jectory of the user is composed of the valid trips in chronological order.

Sensitivity analysis for the spatial and temporal thresholds

The threshold radius and the threshold time interval are critical in the moving-or-staying 
identification algorithm. Therefore, the sensitivity analysis is necessary to choose appro-
priate threshold values. In this study, the data in D2 on November 20, 2013 (a workday) 
is used to do this work. The travel trajectories of users in D2 are extracted with different 
threshold values. The results of the average trip frequency are collected under these differ-
ent conditions, as shown in Table 2. 

As illustrated in the definition of dataset D2 in the Datasets section, the users in D2 
tend to have the trip characteristics of residents. According to the travel survey of residents 
in Shanghai (Shanghai City Comprehensive Transportation Planning Institute 2010), the 
average trip frequency of the residents is 2.23. It can be found from Table 2 that the trip 
frequency is closest to the travel survey result when the threshold radius is set as 350 m and 
the threshold time interval is set as 30 min.

Result analysis of travel trajectory

The proposed method is first used to extract the travel trajectories of users in D2 to explore 
the travel behavior of residents in Shanghai for validation. In this study, the threshold 
radius is set as 350 m while the threshold time interval is set as 30 min. As an example, 
Table 3 shows the travel trajectory of a user through an entire day. The arrival time of S1 
and the departure time of S5 are respectively the timestamps of the first and the last records 
on the day.

The trip length distribution is studied and displayed in Fig.  5, which shows that the 
trip length ranges from 1 to 120 km. Although the parameters are slightly different, the 

(7)ta
k
= ti

(8)td
k
= ti+b

(9)ta
k
= 1∕2

(
ti−1 + ti

)

(10)td
k
= 1∕2

(
ti+b + ti+b+1

)

Table 2   The results of the 
average trip frequency under 
different conditions

Temporal threshold 
value/min

Spatial threshold value/m

150 250 350 450

10 2.44 2.63 2.71 2.80
20 2.19 2.33 2.41 2.48
30 2.06 2.18 2.24 2.30
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distribution can also be well approximated by the truncated power-law proposed in Gon-
zalez et al. (2008). The main reason for the slightly different parameters is the built envi-
ronment in different countries which is explained in Calabrese et al. (2013). The specific 
expression for the fitting distribution is P(x) = (x + 0.98)−1.4exp(x∕18) with the coefficient 
of determination (R2) as 0.96.

To further validate that the proposed method is feasible, the average trip frequency per 
day of users in D2 on workdays are obtained using both our method and the method in 
Asakura and Hato (2004) (Asakura’s method). The average results on research days are 
respectively 2.25 and 2.27 using the equivalent spatial and temporal thresholds (700 m and 
30 min in Asakura’s method), as shown in Table 4. According to the travel survey of resi-
dents in Shanghai (Shanghai City Comprehensive Transportation Planning Institute 2010), 
the average trip frequency is around 2.23.

The statistical significance is analyzed using t test for the results obtained by our method 
and Asakura’s method. There are three statistical tests that need to be conducted.

In the first test, one-sample t-test is used to compare the average trip frequency obtained 
by Asakura’s method and the result from the travel survey. The null hypothesis is there is 

Table 3   An example of the 
travel trajectory

User ID Sk xs
k

ys
k

ta
k td

k

308184 S1 351,551.6141 3,466,581.0516 00:58:16 08:15:38
308184 S2 357,724.9042 3,457,110.4939 09:05:21 13:34:00
308184 S3 360,777.5635 3,455,463.2075 13:47:15 14:43:05
308184 S4 357,804.9576 3,457,007.4139 14:52:50 18:18:58
308184 S5 351,658.3757 3,466,424.3204 19:07:18 23:07:23

Fig. 5   Trip length distribution of 
users in D2

Table 4   The results of trip 
frequency on each research day

Method 11/19/2013 11/20/2013 11/21/2013 11/22/2013

Min_Circle 2.29 2.24 2.29 2.16
Asakura 2.31 2.27 2.31 2.17
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no significant difference between the average trip frequency obtained by Asakura’s method 
and the result of the travel survey. The p-value (p = 0.367) is larger than 0.05, which means 
the null hypothesis should be accepted when the significance level is 0.05.

In the second test, one-sample t-test is used to compare the average trip frequency 
obtained by our method and the result from the travel survey. The null hypothesis is there 
is no significant difference between the average trip frequency obtained by our method and 
the result of the travel survey. The p-value (p = 0.658) is larger than 0.05, which means the 
null hypothesis should be accepted when the significance level is 0.05.

In the third test, paired-samples t-test is used to compare the results obtained by our 
method and Asakura’s method. The null hypothesis is the average trip frequency obtained 
by Asakura’s method is not significantly larger than the result of our method (one-sided 
test). The p-value (p = 0.008) is less than 0.05, which means that the null hypothesis should 
be rejected when the significance level (α) is set as 0.05.

The first two tests prove that both methods are effective compared to the result of the 
travel survey. The result of the third test illustrates that the average trip frequency obtained 
by Asakura’s method is significantly larger than the result of our method. Considering the 
average trip frequencies of our method, Asakura’s method and the travel survey are respec-
tively 2.25, 2.27 and 2.23, the third test also indicates that the results of our method are 
significantly closer to the result of the travel survey than those from Asakura’s method. 
Based on all the three tests, the proposed method in this study is improved when using the 
result of the travel survey as reference.

Travel behavior of the hub passengers

As illustrated before, users of D1 are composed of incity passengers and external pas-
sengers who have appeared in the core area of the hub. To further evaluate the proposed 
method of extracting travel trajectories, the passengers’ travel behavior of the Hongqiao 
hub is analyzed as an application. Several key travel characteristics of the two categories 
of passengers are compared. Moreover, productions and attractions are also studied for the 
trips related to the core area of the hub in this section. A concept is first introduced to ana-
lyze the importance of the transportation hub in passengers’ daily travel.

The trips related to the core area of the hub (TRH) mean that the origin or destination 
points of the trips are located in the core area or the trips pass by the core area.

The travel characteristics studied in this paper mainly contain four categories: trip fre-
quency, travel time, trip length, productions and attractions.

Trip frequency, Travel time and Trip length are three indexes characterizing the travel 
intensity of the passengers related to the transportation hub. The trip frequency can be 
used to quantify the general hub related travel demand, which can help the administrators 
to understand the operation situation of the hub and the traffic pressure of the surround-
ing transportation network. The departure time and the arrival time of the passengers can 
directly display the specific changes of the travel demand over the day. The trip length is 
an index related to the service range of the transportation hub containing different travel 
modes. Productions and Attractions provide a visualized way to characterize the service 
range of the hub and the travel demand in different areas of the city. All the indexes are 
useful for the transportation planning and operation related to the transportation hub.
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Trip frequency

This index is used to study the number of trips per day for the users. The average trip 
frequency of the incity passengers in D1 is 2.43 (2.52 on workdays, 2.34 on weekends), 
slightly higher than the result of users in D2. However, a much lower result is obtained for 
the external passengers in D1, which is around 1.75 (1.82 on workdays, 1.68 on weekends). 
To find the reason for the results, the distributions of the trip frequency are analyzed for 
the incity and external passengers in D1, as shown in Fig. 6. Figure 6a displays that the 
curve of the external passengers peaks at x = 1 instead of x = 2 which is the peak point in 
the curve of the incity passengers on workdays. It can be explained as that the external 
passengers tend to pass by the core area of the hub to enter the city or exit the city without 
additional trips, while the incity passengers need to leave and return the places where they 
live. Moreover, the curve of the incity passengers declines slower than that of the external 
passengers. On weekends, the situation is similar despite that the values at x = 1 and x = 2 
are close in the curve of the incity passengers (seeing Fig. 6b), which illustrates that the 
incity passengers in D1 tend to travel less on weekends.

The numbers of TRH are further explored. The average results of the incity and external 
passengers are respectively 1.23 (1.25 on workdays, 1.21 on weekends) and 1.18 (1.20 on 
workdays, 1.15 on weekends). It can be seen from Fig. 6c, d that most passengers travel 
one or two times through the core area of the hub per day. The proportions of the incity 
passengers are no less than that of the external passengers when 2 ≤ x ≤ 6, which is the 

Fig. 6   Trip frequency distributions of passengers in D1. a Distributions of trips on workdays. b Distribu-
tions of trips on weekends. c Distributions of TRH on workdays. d Distributions of TRH on weekends
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reason why the incity passengers have a higher TRH frequency. In fact, the distributions of 
the two curves are quite similar.

Travel time

The distributions of the departure time and arrival time of TRH are analyzed for different 
kinds of passengers. To accomplish the target, the time of a day is divided into 48 equal 
intervals (i.e., 30 min in each interval) to calculate the proportions of users in each time 
interval. The first records and the last records of users on each research day are set as stay-
ing, as illustrated in the trips generation method. Since lots of users have their first records 
in 0:00–1:00 and the last records in 23:00–24:00, the proportions in these two time periods 
have less reliability. Figure 7 displays the distributions from 1:00 to 23:00. On workdays, 
the distributions of the incity passengers present obvious morning and evening tides. The 
rush hours in the arrival time curve appear later than those in the departure time curve 
(seeing Fig. 7a, b). For example, the rush hours in the morning are around 6:30–8:30 in 
the arrival time curve, while the rush hours in the morning are around 8:00–10:00 in the 
departure time curve. The reason is that the core area of the hub serves for the commuting 
trips of part of the incity passengers. It can also be found that the phenomenon of morn-
ing and evening tides disappears on weekends in Fig. 7c, d, which is also an evidence. In 
Fig. 7d, the curve of the incity passengers peaks at around 17:30–18:30 which is the time 

Fig. 7   Departure time and arrival time distributions of passengers’ TRH in D1. a Departure time distribu-
tions on workdays. b Arrival time distributions on workdays. c Departure time distributions on weekends. d 
Arrival time distributions on weekends
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interval when the incity passengers return home or begin nightlife on weekends. The dis-
tributions of the external passengers present a trend as rising-fluctuating-declining on both 
workdays and weekends, which is mainly influenced by the time schedules of the external 
traffic modes (aviation and railway).

Trip length

Trip length is a crucial index to analyze the travel behavior of human. It has been stated 
that the distribution of the trip length of users in D2 can be well approximated by the trun-
cated power-law proposed in Gonzalez et al. (2008). To analyze the travel behavior of pas-
sengers, the length distributions of TRH are further studied for users in D1.

As shown in Fig.  8a, the distributions of both the incity passengers and the exter-
nal passengers on workdays still have fat-tailed feature. However, only the curve 
of the incity passengers can be well approximated by the truncated power-law 
P(x) = (x + 358)−0.45exp(x∕14.7) with R2 = 0.96. It can be seen that the curve of the exter-
nal passengers increases during [4, 9 km] and fluctuates during [10, 50 km], which goes 
against the truncated power-law. The distribution of the incity passengers’ TRH is consist-
ent with the residents’ travel patterns: most of the time they travel only over short distances, 
whereas occasionally they take longer trips. However, the curve of the external passengers 
illustrates that the probability they travel long distances [5, 50 km] to their destinations is 
not much lower than that of the short distances [1, 3 km], when utilizing the transportation 
modes of the hub. The phenomenon is mainly because that the external passengers usually 
travel between the hub and the boundary of the city when entering or exiting the city using 
ground traffic. The external passengers don’t have home based trips in the city, which also 
leads to the irregularity. The situation on weekends is quite similar to that on workdays 
(Fig. 8b).

Productions and attractions of TRH

The indexes of travel characteristics have be analyzed to compare the travel behavior of the 
incity passengers and the external passengers. Productions and attractions should be further 
explored to study the influence of the hub on passenger’s travel behavior. For the following 
analysis, a net with 20 × 20 grid cells is created to cover the area of the city, as shown in 

Fig. 8   Trip length distributions of passengers’ TRH in D1. a TRH on workdays. b TRH on weekends
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Fig. 9a. Average proportions of productions and attractions of TRH are counted for each 
cell to display the distributions of origins and destinations in the city on the research days.

From Fig. 9b, d, it can be found that the productions and attractions of the incity passen-
gers spread over the city with the core area of the hub as the center. Most productions and 
attractions appear around the hub area, whereas the distributions spread all over the city. 
The finding conforms to the fat-tailed distribution of the trip length of incity passengers: 
they usually travel short distances, while they occasionally travel far from the hub with the 
aid of urban transportation modes. There is also a special phenomenon that the decrease of 
the distributions is quite slow from the hub area to the city center area, which states that 
the city center acts a vital role in incity passengers’ daily travel. The core area of the hub 
establishes a connection between the city center and the origins/destinations of the incity 
passengers.

However, the situation becomes different when it comes to the distributions of the 
external passengers, as shown in Fig. 9c, e. Although the proportions of productions and 
attractions are still high around the hub area, the phenomenon that the distributions of the 
origins/destinations are focused around the city center seems to be more apparent. Moreo-
ver, the productions and attractions near the city boundary become higher, especially the 

Fig. 9   Productions and attractions of passengers’ TRH in D1. a A net with 20 × 20 grid cells covering the 
city area. b Productions of incity passengers’ TRH. c Productions of external passengers’ TRH. d Attrac-
tions of incity passengers’ TRH. e Attractions of external passengers’ TRH
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areas on the top left corner and the bottom left corner. The reason should be that these two 
areas cover the junctions of the city boundary and the train line. The railway is one of the 
most important external transportation modes for passengers. It can be further found that 
the productions and attractions all tend to be higher in the areas along the train line. The 
phenomenon is reasonable because the sampling time interval of the mobile phone data is 
uncertain, which may lead to that the first or last record of a user is not generated around 
the junctions. The Euclidean distances between the core area of the hub and the junctions 
are measured, which are respectively around 27 and 54 km. The results explain the reason 
why the distributions of the trip length of the external passengers fluctuates until around 
50 km.

Correlation analysis of passengers’ travel trajectories

As illustrated in the definitions of the study areas, the comprehensive area of the Hongqiao 
hub is a subsidiary area with the functions of residence and commerce. It is like a new 
town built in the city based on the passenger attraction of the core area. Such situation 
is pretty common in China with the development of the high-speed railway. However, it 
is difficult to estimate whether these areas are useful for passengers or whether passen-
gers choose to stay in these areas for the services. In this section, the correlation analysis 
method is applied to analyze the travel trajectories to understand the availability of such 
new towns, which is helpful to evaluate the development status of the subsidiary area sur-
rounding the hub.

The extracted travel trajectories of the passengers are composed of the trip stops. For a 
passenger, the travel trajectory on a typical day is defined as a Transaction in the correla-
tion analysis. Thus, the transaction database T contains the travel trajectories of all the hub 
passengers. The Item is defined as a trip stop in the travel trajectories which is classified 
according to the located areas. The specific definitions are listed as follow:

Item 1 (com)—the trip stop located in the comprehensive area of the hub,
Item 2 (core)—the trip stop located in the core area of the hub,
Item 3 (city)—the trip stop located in the city area excluding the transportation hub area,
Item 4 (out_city)— the trip stop located outside the city area, which is a category of 
virtual trip stop to complete the external passengers’ trajectories when they are not in 
the city.

The association rule Item i ⇒ Item j (1 ≤ i, j ≤ 4) means that the passenger stops in both 
areas expressed in Item i and Item j on a same day. Several important concepts in the cor-
relation analysis are expressed as follow:

(11)support(Itemi) =
count(Itemi ⊆ T)

|T|

(12)support(Itemi ⇒ Itemj) =
count(Itemi ∪ Itemj)

|T|

(13)confidence(Itemi ⇒ Itemj) =
support(Itemi ⇒ Itemj)

support(Itemi)
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where |T| is the number of all transactions in T, count(Itemi ⊆ T) is the number of transac-
tions containing Item i, count(Itemi ∪ Itemj) is the number of transactions containing both 
Item i and Item j.

To research the availability of the comprehensive area, the association rules related to 
Item 1 need to be analyzed. In this paper, the availability is defined as whether passengers 
tend to stop in the comprehensive area and whether such trip stops are related to the other 
categories of stops in passengers’ daily travel.

By applying the correlation analysis method to the passengers’ travel trajectories 
extracted from dataset D1, the availability of the comprehensive area is studied. Three 
association rules are analyzed in this study including: Item 2 (core) ⇒ Item 1 (com), Item 4 
(out_city) ⇒ Item 1 (com), Item 4 (out_city) ⇒ Item 2 (core), as shown in Table 5. Several 
findings can be summarized from the results:

1.	 The comprehensive area of Hongqiao hub plays a relatively important role in passengers’ 
daily travel. The percent of passengers staying in the hub area (the comprehensive area 
or the core area) during their daily travel equals Support(com) + Support(core) − Sup
port(core ⇒ com) = 0.448, explaining that almost half of passengers tend to stay in the 
hub area. Among these passengers, the comprehensive area is a more preferred choice 
with the result that Support(com) is more than double of Support(core). Moreover, 
Lift(core ⇒ com) < 1 illustrates that com and core tend to be mutually exclusive, i.e., 
most passengers stay in only one area of the hub (either the comprehensive area or the 
core area).

2.	 The availability of the comprehensive area is balanced for the incity passengers and 
the external passengers. It can be found that out_city and com tend to be mutually 
independent from the result Lift(out_city ⇒ com) is close to 1. The association rule 
out_city ⇒ com is unable to be established, although Support(out_city ⇒ com) is con-
siderable. Thus, passengers having trip stops located outside the city area (the external 
passengers) is not related to having trip stops located in the comprehensive area.

3.	 More proportion of the external passengers tend to stay in the core area than that of the 
incity passengers. Lift(out_city ⇒ core) = 1.333 > 1 explains that the occurrence prob-
ability of core is lifted when out_city occurs, i.e., the proportion of the external passen-
gers staying in the core area is higher than that of the incity passengers. It is reasonable 
because the transfer waiting times of the incity transportation modes (bus, metro, taxi, 
etc.) tend to be shorter than those of the external transportation modes (train, aviation, 
etc.).

(14)lift(Itemi ⇒ Itemj) =
confidence(Itemi ⇒ Itemj)

support(Itemj)

Table 5   The results of correlation analysis for passengers’ travel trajectories

com core out_city core ⇒ com out_city ⇒ com out_city ⇒ core

Support 0.344 0.117 0.456 0.013 0.164 0.071
Confidence – – – 0.111 0.360 0.156
Lift – – – 0.323 1.047 1.333
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Conclusion

In this paper, a complete method is presented to study the travel behavior of the hub 
passengers in the city area using the mobile phone data. A detailed application based 
on the Hongqiao transportation hub in Shanghai is conducted to validate the proposed 
method. The contributions are mainly focused on four major aspects.

1.	 This study provides a convenient and feasible way to study the hub passengers’ travel 
behavior with the mobile phone data. The case study results of the Hongqiao hub further 
testify that the method is effective and the mobile phone data is an excellent data source 
to support the hub passengers’ travel behavior research.

2.	 This study proposes a systematic and novel approach to collect the trip information from 
the mobile phone data based on Asakura’s work (2004). A more detailed method is also 
introduced to collect the departure/arrival time of each trip. Since the trip information is 
essential in the travel behavior study, the approach is useful for the urban planners and 
the transportation researchers. The average trip frequency of users in D2 is compared 
to the travel survey result, which has validated the method.

3.	 The analyses of the travel behavior indexes can support the transportation administra-
tors to operate the hub and optimize the related transportation planning. For example, 
the travel time distributions of the incity passengers show an obvious tide pattern on 
workdays. Therefore, the incity travel modes, such as the metro lines, can reduce the 
departure intervals in the rush hours to transfer the passengers more efficiently. Besides, 
the productions and attractions of TRH display the passenger connections between the 
areas inside the city and the transportation hub. More attentions need to be paid to the 
areas having obvious passenger connections with the hub, especially the suburb areas. 
Travel modes directly connecting the areas and the hub can be designed to facilitate the 
passengers.

4.	 The correlation analysis of the passengers’ travel trajectories can be used to evaluate 
the development status of the subsidiary area surrounding the hub. The administrators 
can adjust the functions of such new towns based on the analysis results. If there is a 
low percentage of passengers choosing to stay in the new towns, more investment may 
be needed to build more shopping malls, hotels, restaurants, etc. The information can 
also be useful to estimate whether the new towns are necessary for the designed hubs 
in other cities.

Besides these contributions, some findings about the passengers’ travel behavior 
related to the Hongqiao hub should also be illustrated.

1.	 The average trip frequency of the incity passengers is higher than that of the external 
passengers.

2.	 The travel time distributions of the incity passengers show an obvious tide pattern on 
workdays, while the distributions of the external passengers don’t present this pattern.

3.	 Different from the distributions of the TRH length of the inciy passengers, the distribu-
tions of the external passengers don’t conform to the general human travel rule, i.e., the 
truncated power-law proposed in Gonzalez et al. (2008).

4.	 The productions and attractions of the external passengers are higher in the areas along 
the train line, which verifies the last finding and explains the reason in a visualized way.
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5.	 The comprehensive area of the Hongqiao hub plays a relatively important role in pas-
sengers’ daily travel according to the results of the availability analysis.

Our results show that it is an effective way to apply the mobile phone data to study 
the interactive relationship between the operation of the transportation hub and the pas-
sengers’ travel behavior. Although the mobile phone data has plenty of advantages in 
the macroscopic travel behavior research, there are still some weaknesses.

1.	 The location accuracy of the mobile phone data is at the cellular tower level which is 
lower than that of the GPS data. Therefore, it is difficult to study the microscopic travel 
behavior, such as travel route choice, travel mode, etc., using the mobile phone data.

2.	 The check-in data from the social network can provide the subscribers’ activity infor-
mation besides the location information, which is also a weakness of the mobile phone 
data. It is difficult to use the mobile phone data to study the trip purposes of the users.

3.	 Due to the privacy policies, the personal information (such as age, income, profession, 
etc.) can’t be collected from the mobile phone data. The personal information can only 
be collected from the methods with volunteers such as the travel survey, the GPS data, 
etc.

In the future, the additional data from other sources can work as complementary 
samples to study the hub passengers’ travel behavior more comprehensively, such as 
the individual travel patterns, the trip purposes of the passengers, the prediction of the 
travel trajectories, etc. Moreover, the passengers’ travel demand patterns related to the 
hub can also be further explored.
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