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Abstract: Mobility and spatial interaction data have become increasingly available due to the widespread
adoption of location-aware technologies. Examples of mobile data include human daily activities,
vehicle trajectories, and animal movements. In this study we focus on a special type of mobility
data, i.e., origin–destination (OD) pairs, and propose a new adapted chord diagram plot to reveal
the urban human travel spatial-temporal characteristics and patterns of a seven-day taxi trajectory data
set collected in Beijing; this large scale data set includes approximately 88.5 million trips of anonymous
customers. The spatial distribution patterns of the pick-up points (PUPs) and the drop-off points (DOPs)
on weekdays and weekends are analyzed first. The maximum of the morning and the evening peaks
are at 8:00–10:00 and 17:00–19:00. The morning peaks of taxis are delayed by 0.5–1 h compared with
the commuting morning peaks. Second, travel demand, intensity, time, and distance on weekdays
and weekends are analyzed to explore human mobility. The travel demand and high-intensity travel
of residents in Beijing is mainly concentrated within the 6th Ring Road. The residents who travel
long distances (>10 km) and for a long time (>60 min) mainly from outside the 6th Ring Road
and the surrounding new towns of Beijing. The circular structure of the travel distance distribution
also confirms the single-center urban structure of Beijing. Finally, a new adapted chord diagram plot is
proposed to achieve the spatial-temporal scale visualization of taxi trajectory origin–destination (OD)
flows. The method can characterize the volume, direction, and properties of OD flows in multiple
spatial-temporal scales; it is implemented using a circular visualization package in R (circlize). Through
the visualization experiment of taxi GPS trajectory data in Beijing, the results show that the proposed
visualization technology is able to characterize the spatial-temporal patterns of trajectory OD flows in
multiple spatial-temporal scales. These results are expected to enhance current urban mobility research
and suggest some interesting avenues for future research.
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1. Introduction

Cities are concentrated areas of human activities, and urban spatial structures are closely related to
the intracity travel patterns of their residents [1]. Identifying the patterns of intra-urban residents’ trips
will help us better understand urban structures and reveal the driving social factors, such as gender
and occupation [2]. As questionnaire-based methods are limited by a lack of data, it is difficult to use
this traditional method to explore human mobility deeply and accurately. With the rapid development
of location-based service (LBS) and information communication technologies (ICT) such as Global
Positioning System (GPS) receivers and mobile phones, these technologies support the convenient
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collection of large volumes of individual trajectory data [3–5]. Currently, such data have been widely
applied in human mobility pattern research [6–14]. The widespread adoption of big data provides
unprecedented opportunities to study various mobility patterns from trillions of trails and footprints.
Much research has been conducted to investigate the spatial-temporal patterns of human motion in
urban centers including studies in cities such as Rome [15], and Tallinn [16], in addition to Hong
Kong [17], Shanghai [1,18], Wuhan [19,20], and Shenzhen of China [21].

Vehicles equipped with GPS provide an important type of footprint, given that public and private
vehicles are the main transportation means for a city’s population. People use vehicles for commuting
to and from work, for regular and ad-hoc chores, and for leisure activities [22]. As a main part of
the transportation sector, taxis provide accessible and flexible travel services for people living in urban
centers. Although taxi trajectories are unable to reflect continuous displacements of specific people,
which are crucial for a time geography framework, they describe collective human mobility patterns of
intracity travels with accurate positions and time [1]. With information of when and where a customer
is picked up or dropped off by taxi, meaningful trips corresponding to displacements between people’s
consecutive activities are easy to extract. A careful analysis of these digital footprints from taxi GPS data
can provide an innovative strategy to improve the quality of public transit services and facilitate urban
public transit planning and operational decision-making [23]. This type of data has high accuracy
and good continuity; they are acquired in real-time and support a high degree of automation. GPS taxi
data can provide an excellent foundation for revealing urban residents’ travel behavior and analyzing
spatial-temporal patterns [24,25]. Recently, GPS-enabled vehicles have been widely adopted to collect
real time traffic data [26–29]. In addition to monitoring real-time traffic situations, a large volume
of GPS-enabled taxi trajectory data has been used for travel time estimation, dynamic accessibility
evaluation, and travel behavior analysis [30–32].

Trajectory and movement data have been studied with various approaches, including visual
analysis [33], clustering [34], feature extraction [35], and movement pattern taxonomy [36]. Visual analysis
tools enable interactive and intuitive data exploration. Visualization techniques have been used to reveal
urban traffic patterns and explore commuting rules of urban residents, thus providing decision-making
basis for smart city construction and urban traffic planning. Some scholars analyze and excavate residents’
travel patterns and patterns by visualizing origin–destination (OD) stream data of taxis [37–40]. A study
by Yue et al. [37] uses the dynamic taxi data to reveal people’s travel demands and movement patterns
in a deeper sense to serve transport management, urban planning, as well as spatial-temporal tailored
location search and services. Guo et al. [38] presents a new methodology for detecting location patterns
and spatial structures embedded in OD movements; this approach involves steps to group spatial points
into clusters, derive statistical summaries, and visualize spatial-temporal mobility patterns.

The visual analysis of OD data is an important way to mine inter-regional flow patterns and analyze
urban residents’ travel spatial-temporal patterns [41]. At present, there are mainly visual analysis
methods for OD data of taxis, including Flow Map, OD Matrix, and OD Map [42–46]. Tobler [42]
first used the arrow form of Flow Maps to represent the population migration flow data and to draw
the population migration map of the United States. This kind of graph shows the flow direction
and the width of the edge indicates the OD flow rate, but this often causes the OD flow line arrows to
overlap each other, making the visualization confusing. It is more difficult to visualize the OD stream
data of a large number of taxis under the spatial-temporal scales using the Flow Maps. Andrienko [43]
first uses the OD Matrix to study the traffic conditions in Milan, Italy. In the OD matrix each row
and column corresponds to a region; each cell corresponds to the flow of OD between a pair of regions.
Although this method can express flow relations between different regions, it lacks spatial information
(region to region) and is not intuitive. In order to compensate for the shortcomings of OD matrix in
spatial information representation, Wood et al. [44] proposed an OD map method when studying
the migration of the United States. The method uses a regular grid to divide the study region into
a two-dimensional matrix. Next, a two-dimensional matrix is nested within each cell. The size of flow
from one region to another is represented by the color of another area of the cell that is nested within
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the area. The depth of the color indicates the amount of flow. However, this method lacks the ability to
express OD flow changes in the case of space-time multiscale. At the same time, domestic and foreign
scholars have also built some visual systems to study the temporal and spatial patterns of trajectory
data [45–50]. Guo et al. [45] presented an interactive visual analytics system—Triple Perspective Visual
Trajectory Analytics (TripVista)—for exploring and analyzing traffic trajectory data. Hurter et al. [47]
propose a brush–pick–drop interaction scheme. Their methods are general for 2D trajectory data,
but with limited perspectives provided. Slingsby et al. [48] proposed a treemap cartography method
to show spatiotemporal traffic patterns. Liu et al. [49] developed a comprehensive visual analytics
system to study route diversity based on real trajectory data. Their system provides an intuitive way
to compare and evaluate different routes. However, the above method is difficult to visualize trajectory
big data in multiscale spatial-temporal, and it is more difficult to reveal the characteristics of OD
stream data.

In this paper, a large scale study is presented that uses taxi GPS data collected from more than 25,000
drivers for seven consecutive days in Beijing, China. To support this study a new adapted chord diagram
plot is introduced (refer to Section 2.3.2) that visualizes taxi OD flows at different granularities on
a space-time scale. The new chord diagram plot is implemented using a circular visualization package
in R (circlize). The study reveals the spatial-temporal characteristics and patterns of residents’ travel.
The spatial distribution patterns of origins and destinations are analyzed first. Then, travel intensity,
time, and distance on weekdays and weekends are used to explore human mobility by extracting taxi
data. The findings of this study can assist transport managers to better understand spatial variability of
resident travel flow across weekdays and weekends, which further provide additional comprehensive
travel indicators to facilitate sustainable urban management. The remainder of this paper is organized
as follows. Section 2 describes the study area, dataset, and methodology used in the paper. The results
of travel spatial-temporal characteristics and patterns of urban human are analyzed and discussed in
Section 3. Conclusions are presented in Section 4.

2. Materials and Methodology

2.1. Study Area

The case study is carried out in Beijing, China, which is located in the North of the North China
Plain (longitude 115.7◦–117.4◦ East and latitude 39.4◦–41.6◦ North). It covers an area of 16,411 km2

with the gradual declination of altitude from the Northwest to the Southeast. There are 14 districts
and 2 counties in the administrative district of Beijing (Figure 1). The permanent population of Beijing
increased from 15.4 to 21.7 million between 2005 and 2015, of which approximately 86.5% was urban.
The GDP increased from 696.9 to 2301.5 billion CNY over the same period [51].

Beijing is one of the most dynamic economic centers in China. The public transit system in Beijing
includes buses, subways, taxis, and bicycles. In 2014, the public transport system catered to 45.0% of
travel in Beijing overall and, more specifically, 48.0% of travel in its core urban area; taxis provided
about 10.0% of the intra-urban trips by transportation [52]. Even though the metro transit dominates
Beijing’s public transportation, taxis play an important part in ground transportation in recent years.
Traveling by taxi offers flexible routes and is more time-efficient than other modes of transportation.
In China taxi trajectories provide a reasonable data source for urban studies, given their capacity to
capture a large proportion of urban passenger flows. This research uses a large volume of trip data
collected from location-aware devices to analyze the spatial-temporal characteristic and patterns of
residents’ trip behaviors in Beijing.
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Figure 1. The Beijing study area.

2.2. Data Sources

Taxis play an important role in intra-urban transportation in Beijing. Many taxi companies have
installed GPS receivers in their fleets to monitor the real-time movement of each taxi. This paper
used a data set that contains the GPS trajectories of more than 27,000 taxis for seven consecutive days
(from December 25th to December 31st in 2012) from an anonymous taxi company in Beijing. The data
recorded each taxi’s location, velocity, timetable, and state (vacancy or occupancy), which is acceptable
in investigating intra-urban travel patterns. Table 1 provides an overall description of taxi data.
The “Time” indicates when the data are recorded, “Latitude” and “Longitude” provide the location
data of the taxi vehicle, and “Speed” is the instantaneous velocity of vehicle, the unit is kilometers
per hour. “Direction” represents the driving direction, which is based on North. “State” represents
the whether or not the taxi is occupied by passengers, “0′’ represents the taxi vehicle is vacant and “1′’
means it is occupied. All the trajectories have been cleaned by removing invalid points caused by
data recording or transfer errors. Based on the cleaned data, the locations where passengers were
picked up (with subscript “O”) and dropped off (with subscript “D”) can be identified, and thus
the origin and destination of a completed trip. Each trip can be simplified to be a vector from (Xo,Yo,To)
to (Xd,Yd,Td), where (X,Y) denotes the location and T time of a pick-up event and a drop-off event,
respectively. A total of 88,491,241 trips have been extracted from the data.

Table 1. GPS data in Beijing city.

FCD Taxi ID Time Longitude Latitude Speed Direction State

JL 1000075621 20121225000014 116.1048 39.9638 11 290 0
JL 1000075621 20121225000044 116.1040 39.96299 9 200 0
. . . . . . . . . . . . . . . . . . . . . . . .
JYJ 13331156462 20121225150826 116.2918 39.88956 43 268 1
JYJ 13331156462 20121225150937 116.2901 39.88969 45 270 1
. . . . . . . . . . . . . . . . . . . . . . . .
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Naturally the trips are more concentrated in central urban areas than suburban or urban fringes.
This can be demonstrated by the density analyses on pick-up points (PUPs) and drop-off points (DOPs).
Figure 2 depicts the density estimations of all PUPs and DOPs in the seven days. In order to investigate
the temporal characteristics of trips the seven days are discretized into 168 one hour intervals. PUPs
and DOPs represent origins and destinations of various trips, and are critical for us to understand
traffic patterns in the city.
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Figure 2. Spatial distributions of the density of pick-up points (PUPs) and drop-off points (DOPs).

2.3. Methodology

2.3.1. Temporal Pattern of PUPs and DOPs

In this study, the total numbers of PUPs and DOPs are computed for each hour in the seven
days [3]:

SP[t] =
R,C∑

i=1, j=1

P[i, j, t], t = 1, 2, ..., T (1)

SD[t] =
R,C∑

i=1, j=1

D[i, j, t], t = 1, 2, ..., T (2)

where i and j specify the coordinates of a pixel.
For seven consecutive days, the dominant period length for urban mobility patterns has been

verified to be 24 h by applying the discrete Fourier-transform (DFT) analysis on PUPs and DOPs [3].
Upon this premise, the hourly average activity number for both weekdays and weekends were
calculated:

Pd[i, j, t] =

5∑
k=1

λP[i, j, k× 24 + t]

5
(t = 1, 2, ..., 24) (3)

De[i, j, t] =

7∑
k=6

λD[i, j, k× 24 + t]

2
(t = 1, 2, ..., 24) (4)

where i and j denote a pixel, λ denotes the type of the activity (Ro for PUPs and Rd for DOPs),
k is the ordinal number in a seven-day week, and the superscript d and e specify weekdays
and weekends, respectively.

2.3.2. Multiscale Analysis Method of OD Flow Based on the Chord Diagram Plot

The OD flow is a streamline where the starting point O (Xo,Yo,To) of the movement trajectory
points to the termination point D (Xd,Yd,Td); it is a directional line with a spatial position. If the OD
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point distribution is mapped to a certain granularity of spatial area, the orientation between OD points
can show the flow of moving objects within the spatial areas. Flow patterns of moving objects on
different spatial scales can be analyzed using different partition granularities. By using the definition of
OD flow in terms of spatial attributes, this study extends the OD flow to the time dimension. The OD
data is a kind of sequence data with time stamps. The directed connection of the OD data start and end
time is the OD flow in the time dimension. Mapping the time of an OD point to a time period of
a certain granularity indicates the flow of a moving object in different time periods. By changing
the granularity of partitioning, OD flows at different time scales can be achieved.

Considering that the taxi OD data records the movement of the vehicle in space-time, it is possible
to define its data volume by means of a graph theory method [41]:

Q = (S, T) (5)

where S is a set of spatial regions and T is a set of time segments.
When si ∈ S or ti ∈ T (i = 1, 2, ..., n), i is spatial-temporal granularity. Therefore, there are i × i

possibilities for OD flow. The row and column records represent the start and end positions or
times, respectively, forming an i × i two-dimensional matrix. That is, the possibility of OD streams
is recorded; each matrix element represents the OD record statistics. This two-dimensional matrix
can be transformed into a chord diagram, providing a better visualization. The outer ring represents
the spatial-temporal granularity of the division (e.g., time scale and space scale), and the inner string
represents the amount of migration, as shown in Figure 3. The rows of the two-dimensional matrix
represent the starting position or time and the columns represent the position or time of the ending
point, for example, cell (3, 4) represents the flow amount of 3–4 (Figure 3). However, this kind of
diagram has two important limitations. It cannot show the relationship between the total amount of
taxi migration in different regions, and it cannot represent the flow direction of taxis. Therefore, it needs
to be improved.

Figure 4 shows the improved the chord diagram plot using the circlize package in R. It can be
seen from Figure 4 that the improved chord diagram has better visual effects. The text outside the arc
represents the number of different regions or time and the width of the arc represents the size of
the migration flow. The internal chord band represents the migration of OD data. The wider the chord
represents the larger the migration flow. The chords between different arcs represent the migration
of OD data between different spaces or time periods. The chords between the same arc represent
the amount of OD data transferred between the same space or time period and the arrow at the end of
the chord represents the direction of the flow.
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According to the chord diagram, the total amount of flow of taxi OD data and the proportion of
inflow and outflow can be clearly seen in any space area or time period, and a comparative analysis can
also be conducted. The visualization analysis results not only provide a reference for urban residents’
travel plans, but can also infer their functional zoning by analyzing the rules of OD traffic flow of taxis
with the change of time between different regions. Taxi data are spatial position data with a specific
time series, which has characteristics of space-time and multiscale. Therefore, this paper introduces
an adapted chord diagram plot to visualize taxi OD flows in both the time scale and spatial scale using
the circlize package in R [53,54].

The taxi data contains abundant information on the time scale. This study uses a ring to display
24 h a day with the method from Liu et al. [49]. As the shape of the ring resembles the shape of the clock,
it is generally considered that the top of the ring is the start point and the end point of the time.
The time direction is represented by the clockwise direction. Each arc represents the corresponding
time period (e.g., 30 min or 60 min). The size of the scale on the arc represents the statistic of OD.
Here the OD data span 7 days a week, divided into weekdays and weekends. At the same time, 24 h
a day is divided using 30 min and 60 min as different time scales. The travel time of taxi OD has been
visualized based on the circlize package in R.

On the spatial scale, this paper uses the OD data of 7 days a week, divided into weekdays
and weekends. Based on R language, a spatial visualization analysis has been conducted on the amount
of incoming and outgoing traffic and the net flow in Beijing. Each arc in the string diagram represents
corresponding to different areas (where the area name first letter indicates each area, e.g., CY indicates
Chaoyang district). The scale on the arc represents the different OD statistics, and the arrow at the end
of the chord represents the area where the trips end. Further, the research area A (the 6th Ring Road
of Beijing) is recursively partitioned into 2n

× 2n grids in four quadrants based on the idea of equal
granularity rule meshing of spatial regions and quadtree coding. Then the OD point data is mapped to
the corresponding the number of spatial grid ID according to the spatial position, thereby converting
the OD data into sequence data represented in grid units. First, the study area A is divided into
equal-area collections (Figure 5a), that is A = (A1, A2, A3, A4), the OD point data of the original
movement trajectory is divided into corresponding subregions, and the OD data of each subregion are
statistically and visually analyzed. Then, according to the same method, the subgrid is further divided
into collections of regions (Figure 5b), that is A = (A1, A2, . . . , A16), and then statistically and visually
analyzes the OD data of each subarea, followed by analogy; finally, the study areas are divided into
regular 8 × 8 grids (Figure 5c). According to the ID of the taxi, the ID numbers of the spatial grids
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corresponding to the starting point and the ending point are extracted, and the statistics of the flow
of each taxi between different regions are calculated; the same processing for all the taxis results in
the flow of taxis between the regions on different spatial scales. Using the chord diagram mentioned
above, the taxi OD data can be visually analyzed at different spatial scales.
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3. Results

3.1. Spatial-Temporal Characteristics of PUPs and DOPs

According to the taxi OD data, the number of PUPs and DOPs in each hour is counted, that is,
the number of times the state of passenger pick-up and drop-off changes from 0 to 1 and from 1
to 0 is calculated every hour. One pick-up and drop-off behavior represents a trip. A consecutive
seven-day week taxi OD data set is used to conduct a comprehensive analysis at different hours. It can
be seen from Figure 6 that the temporal sequences represented by curves of SP and SD are very similar.
Seven 24-h cycles can be clearly identified. That is to say, the temporal distributions of both PUPs
and DOPs roughly repeat in the seven days. At the same time, urban residents travel more during
the day than at night. There are three peaks during the day, especially weekdays, at around 10:00,
14:00, and 19:00, which usually correspond to going to work, lunch, and going home. The low peak
usually occurs at 4:00 and 5:00, when residents travel less frequently.

The global temporal distribution of PUPs and DOPs are plotted in Figure 7. There are differences in
the number of PUPs and DOPs on weekdays and weekends (Figure 7). The number of PUPs and DOPs
on weekdays is generally higher than the weekends. The number of PUPs and DOPs on the weekday
fluctuates significantly with time, showing similarities in the distribution of time. The maximum of
the morning peak is at 8:00–10:00 and the daily maximum is at 13:00–14:00. The morning peaks of taxis
are delayed by 0.5–1 h compared with the commuting morning peaks. This may be due to the fact that
taxis are more sensitive responsive and convenient than other transportation options, and they spend
less time traveling. At the same time, the passengers are generally resident in the urban area during
the commuting period, who mostly have medium and short-distances to travel. Therefore, these
residents can depart later in the noncommuting time period to avoid traveling during the peak period
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and avoid early peak traffic jams. This results in a taxi morning peak that occurs later than the normal
morning peak. Because taxis are more flexible and quicker than buses, the proportion of business
trips is high. The peak travel time of taxis in the afternoon is also reflected in this point. At noon,
normally lunch time, there are fewer travelers. The amount of trips on weekend days is obviously
smaller than weekdays. The reason may be that the travel time of the residents is relatively free on
the weekend, and the purpose of the trip is not the same as the weekdays. Most of the trips are
intended for recreation, play, etc. Therefore, relatively few residents use a taxi to travel. At the same
time, the morning peak of the weekend was delayed by 1 h compared with the weekday. The number
of PUPs and DOPs fluctuates little with time from 12:00 to 21:00, and there was no obvious tendency
to travel. However, the peak value of PUPs and DOPs in the evening occurred around 22:00–23:00.
The main reason may be due to the lack of availability of buses and metros during this period of time;
taxis are available and in demand.
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Figure 6. Curves of SP and SD representing temporal variations of PUPs and DOPs for the entire
study area.
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Figure 7. Temporal variance of the PUPs and DOPs activities.

Based on the taxi data, the demand for travel of residents on weekdays and weekends in Beijing
has been analyzed. We can see from Figure 2 that the density distribution of pick-up and drop-off

points of taxis in Beijing is mainly concentrated in the 6th Ring Road, and gradually decreases toward
the urban periphery. However, there are also differences between the two, which shows that the density
of drop-offs is higher than the density of pick-ups in some hotspots, such as the Capital Airport
of Beijing, railway stations, China World Trade Center, and Zhongguancun. For some large-scale
communities, the density of pick-ups is higher than the density of drop-offs spots, such as Huilongguan,
Tiantongyuan, and Fangzhuang. Further, it can be seen from Figure 8 that the demand for travel of
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Beijing residents is mainly concentrated within the 6th Ring Road. At the same time, the travel demand
in the central urban area is relatively larger than the outer ring. On the weekday, residents’ travel
demand is mainly concentrated in Capital Airport of Beijing, China World Trade Center, Zhongguancun,
Xinfadi, Yaojiayuan, and other hotspots. Relative to other regions, these regions have a greater demand
for travel. Relative to weekdays, the demand for travel in these areas on the weekend is lower.
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A travel intensity indicator is used to measure the travel demand of urban residents,
which measures how much pressure the residents’ travel places on the transportation system.
The indicator reflects the amount of travel and the travel time consumption, so travel intensity
is defined as the product of the number of trips and the average travel time of a one-way trip.
Travel intensity is a comprehensive index of residents’ travel demand, travel capacity, and level of
urban transport services. In order to better reflect the form of Beijing residents’ travel, the taxi OD
data was further used to analyze the travel intensity of residents on the weekday and weekend in
Beijing based on the TAZ (Traffic Analysis Zone) scale. The identified resident travel ODs were
spatialized, each line representing one trip. Travel time and related records are in the attribute table of
ArcGIS layer. From Figure 9, it can be seen that the maximum travel intensity of taxis at weekdays in
Beijing was 61 and the maximum intensity at weekends was 128. This may be due to the increase in
the number of recreational and leisure entertainments by urban residents on weekends. At the same
time, high-intensity travel in Beijing is mainly concentrated within the 6th Ring Road, and a single
trip back and forth is mainly located outside the 6th Ring Road. This mainly comes from some new
cities in Beijing, such as Pinggu, Yanqing, Miyun, and Huairou. It can also be seen that compared with
the weekday, the number of residents who choose to travel outside the 6th Ring Road on weekends
has increased, and travel between the central urban area and the new city has become more frequent.

According to the taxi GPS data, the travel time/distance between residents on weekdays
and weekends in Beijing are analyzed. The average travel time/distance on weekdays in Beijing
are 36.7 min and 8.7 km, respectively, and the average travel time and distance on weekends is
34.3 min and 8.1 km. As shown in Figure 10, the residents who travel more than 60 min on weekdays
and weekends mainly came from the new towns of Beijing, such as Pinggu, Miyun, and Huairou.
Trips less than 10 min are mainly from the inner area of the 5th Ring Road. At the same time, compared
to weekdays, residents on weekends have a longer travel time and a wider range. It may be due to
most residents choose to have fun or play on weekends. As shown in Figure 11, the residents who
traveled long distances (>10 km) were mainly from outside the 6th Ring Road and the surrounding
new towns of Beijing (e.g., Pinggu, Miyun, and Huairou), while those who travelled a short distance
(<5 km) travel were mainly from within the 5th Ring Road area. The circular structure of the travel
distance distribution also confirms the single-center urban structure of Beijing.
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3.2. Multitime Scale Patterns of Urban Resident Travel

Figure 12 show the patterns of urban resident travel at different time scales (e.g., 30 min. and 60 min.)
on weekdays and weekends. On weekdays, the morning peak of the OD flows appears from 7:00 to
11:00 and from 14:00 to 16:00 in the afternoon. The peak of the OD in the evening of the taxi is from 21:00
to 23:00. It may be due to the fact that the city’s public transport subways ceased operation in this
period of time, causing residents to choose taxis travel to make a substantial increase. On weekends,
the OD peak appears at 8:00~12:00 in the morning and 15:00~17:00 in the afternoon. The peak of
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the taxi OD flows in the evening is at 22:00~00:00. Compared with weekdays, the overall travel volume
on weekends has decreased, while travel time of the morning peak has been delayed by nearly 1 h.
After 15:00, the number of residents has gradually increased, residents’ nightlife continued until around
22:00 to 23:00 at night. At this time, with the continuous suspension of public transportation such
as bus, subway, and other transportation, taxis are only a small number of travel tools, and demand
has increased substantially.

As shown in Figure 12, the distribution of OD flows tends to fall in adjacent or same time periods
at different time scales. When the time scale is 30 min, there are nearly 50.0% of the OD pairs that fall
on the original time period, and another 40.0% fall on the adjacent time period. It can be seen that
nearly half of the trips of residents may be within half an hour using taxis, and most of the trips are
resolved within one hour. At the same time, we can see that travel in short time takes up the majority.
Considering the popularization of bus, subway and other travel tools, and the relatively expensive
price of taxis, the use of taxis by urban residents is mostly short trips.
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3.3. Spatial Multiscale Patterns of Urban Resident Travel

As shown in Figure 13, the chord diagram plot presents a complete inter-area OD flow system
of taxis in Beijing. Each chord starts from the region of pick-ups and ends in the district of drop-offs.
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The direction of the flows is illustrated using arrowheads on each chord; it shows the visualization
of OD flow in various regions of Beijing on weekdays and weekends. Residents’ travel in Beijing
is mainly concentrated in the central area of the 6th Ring Road. The largest areas are CY and HD,
followed by XC, FT, and DC. Areas with less travel are mainly concentrated in the new town of Beijing,
such as PG and MTG, HR, YQ, MY, and other ecological conservation development areas. At the same
time, it can be found that more than 50% of district and county OD inflows are mainly concentrated in
the region, including CY and HD of the urban functional expansion zone, CP and FS of the new urban
development zone, and some districts and counties of the ecological conservation development areas.
Compared with the weekdays, the number of residents on weekends has decreased significantly, but
the overall trend has little change. However, the outflow of taxi OD in some districts and counties has
exceeded the situation in this region, such as HR, TZ, and SJS. Furthermore, the extended chord diagram
plot used to analyze the unidirectional flow pattern of OD net travel traffic in various regions reveals
interesting results. The net travel traffic value between two regions is calculated by the difference of two
bilateral flow sizes, where only the positive net flow values are shown. For example, the average daily
OD trip flow from HD to CP is 4000 trips, while there are only 1000 trips from CP to HD. The average
net travel flow between these two regions is 3000 (4000 − 1000 = 3000) trips, and the net travel direction
is from HD to CP. The length of the axes in Figure 13c,d represents the sum of the total net in-flows
and total net out-flows. The bilateral net flows circular plot allows us to clearly identify the unbalanced
inter-region travel corridors. The largest bilateral net migration on weekdays is the flow from XC to
FT as shown in Figure 14 (and not from DC to CY as shown in Figure 13a), and the largest bilateral
net migration on weekend is the flow from CY to SY as shown in Figure 14 (and not from CY to DC
as shown in Figure 13b). For the major trip areas, such as FT, CP, and SY, the net flow values capture
the intensity of net inflows. Similarly, for those major travel-sending areas such as CY, HD, and XC,
higher net out flows are observed.



ISPRS Int. J. Geo-Inf. 2019, 8, 257 14 of 22
ISPRS Int. J. Geo-Inf. 2019, 8, x FOR PEER REVIEW 14 of 22 

 

 
Figure 13. OD flows in various regions of Beijing based on the chord diagram plot. 

 

Figure 14. Distribution of OD net flows in various regions of Beijing. 

Figure 13. OD flows in various regions of Beijing based on the chord diagram plot.

ISPRS Int. J. Geo-Inf. 2019, 8, x FOR PEER REVIEW 14 of 22 

 

 
Figure 13. OD flows in various regions of Beijing based on the chord diagram plot. 

 

Figure 14. Distribution of OD net flows in various regions of Beijing. 
Figure 14. Distribution of OD net flows in various regions of Beijing.



ISPRS Int. J. Geo-Inf. 2019, 8, 257 15 of 22

From the above analysis, it can be seen that residents’ travel of Beijing is mainly concentrated in
the central area of the 6th Ring Road. Therefore, the streets in the 6th Ring Road of Beijing are taken
as the object of the study. The grid area is used to divide the study area into 2× 2, 4× 4, and 8× 8 regular
grid, as shown in Figure 15. The different divisions represent different spatial scales. Here, the OD
data of seven days (i.e., one week) in Beijing are used, divided by the weekdays and the weekend,
to carry out the visual analysis to the OD flow of the taxis in different spatial scale.
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The streets of the 6th Ring Road in Beijing are firstly divided into 2 × 2 regular grids (Figure 16a,d).
As shown in Figure 16a,d, the NO. 4 of the study area has the largest flows of trips, which is mainly due
to the fact that this area contains most of the areas in Beijing, including Tiananmen Square, Chaoyang
District, Fengtai District, and Daxing District. The travel volume of the other three grid areas is also
relatively large, and the difference between these areas is small. At the same time, compared with
the weekdays, the volume of trips in the four regions has decreased on weekends, but the overall trend
was not significant. It can also be seen from the above that travel activities in the same area account for
the majority and cross-regional travel is less under this spatial scale.

Further, the streets of the 6th Ring Road in Beijing are divided into 4 × 4 regular grids based on
the method of recursive partitioning (Figure 16b,e). As shown in Figure 16b,e, the NO.11 of the study
area has the largest flows of trips, which is mainly due to the fact that this area contains Tiananmen
Square, many tourist attractions in the surrounding area and many transportation stations including
the Beijing Railway Station and the Beijing South Railway Station. The daily traffic of the residents
is huge. This is followed by areas NO.10, NO.7, and NO.6. The NO.10 of study area includes
a large volume of travel areas such as Lugouqiao, Yangfang, and Wanshou Road. And this area also
includes the Beijing West Railway Station and various research institutions. Therefore, the amount
of trips is large in this area. In the No. 7 of the area, there are large travel areas including Wangjing
and Sanlitun; the No. 6 of the area is also relatively large, mainly because it contains many colleges
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and universities such as Peking University, Tsinghua University, and Renmin University of China,
as well as the Beijing North Station. Therefore, the amount of taxi trips is also large. Compared with
the weekdays, the volume of trips in these regions has decreased on weekends, but the overall trend
was not significant. It can also be seen from the above that travel activities in the same area account for
the majority and cross-regional travel is less under this spatial scale. At the same time, it can also be
seen that residents in the above areas have more activities in the same area. Compared with these areas,
the traffic flow in other areas is getting smaller and smaller as they are getting farther from the central
urban area.

On the basis of 4 × 4 grid, it is further divided into 8 × 8 regular grids. With the increasing
intensity of the segmentation, the traffic flow between different regions becomes clearer (Figure 16c,f).
As shown in Figure 16c,f, the NO. 28–30 and NO. 35–38 of the study area has the largest flows of trips,
which is mainly due to the fact that these areas are mainly centered on Tiananmen Square. The area
includes almost all of High-speed Railway Station, Railway Station, Airports, and other transportation
hubs of Beijing. It also covers most of the tourism, shopping, and other entertainment venues. It is
the core area of Beijing. At the same time, it is also the area where Beijing residents have the most
travel demand. Compared with the weekdays, the volume of trips in these regions has decreased
on weekends, but the overall trend was not significant. At the same time, it can also be seen that
with increasing distance from the central urban areas, the traffic flow in other areas is getting smaller
and smaller.
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From the above analysis the further refinement of the urban spatial scale supports
the straightforward identification of the core areas of the city using the visualization analysis method
of OD flows. The greater the scale of division, the clearer the flow of traffic between regions becomes.
At the same time, this method can also be used to see the traffic flow between different areas. It can
characterize the OD flow of taxi trajectory, flow direction, and the properties characteristics of OD
flow in different spatial-temporal scales. It can reveal the spatial-temporal patterns of OD flow data
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at multiple spatial-temporal scales so as to better understand of the flow pattern of urban human
between inner areas of the city.

3.4. Spatial-Temporal Patterns of Urban Human Travel with Taxi OD Data

As an important flow subject in different areas of the city, taxis can be used to represent
the inter-regional connectivity patterns. The OD flow with the characteristics of start–stop and direction
can characterize the inter-area connectivity. Therefore, the hidden behavior patterns in the trajectory
data can be revealed by analyzing the OD data of taxis, which will be helpful to study the rules of
urban human travel. This paper uses OD data for seven days in one week in Beijing, divided into
weekdays and weekends. The OD data at different spatial scales during the 7:00–10:00 and 17:00–20:00
for morning and evening rush hours of Beijing were visually analyzed to explore spatial-temporal
patterns of urban human travel.

Figure 17 show the spatial-temporal patterns of OD data at different scales on weekdays
and weekends. As shown in Figure 17, the areas with the largest volume of taxis in the morning
and evening rush hour of Beijing are mainly centered on Tiananmen Square, and extend to the 4th Ring
Road from South to North, including Beijing Railway Station, Beijing South Railway Station, Beijing
West Railway Station, and many other transportation sites. The Beijing West Railway Station, which has
the largest flow of traffic in Beijing, plus the Beijing Railway Stations and Beijing South Railway
Stations, result in huge travel needs to residents entering and leaving the stations. As one of the main
tools of transportation in the city, taxis are an important mode of transportation for passengers to enter
and leave the railway stations. Therefore, the travel volume in this area is the largest. It was mainly
reflected in NO. 4 of Figure 16a, and the proportion of outer rings is the largest. While the proportion
of outer rings of NO. 11 and NO. 10 in Figure 16b is also larger. It can be seen that Beijing West
Railway Station and Beijing South Railway Station have the largest scale of operations among the many
railway stations in the city, and the corresponding passenger traffic is also the largest. Compared to
the weekends, we can see that these areas have a large amount of travel between 7:00 and 10:00 on
weekdays. However, the number of trips decreased from 17:00 to 20:00, the overall trend has changed
little. The main reason is that the period from 7:00 to 10:00 on weekdays belongs to the morning peak
of work. The residents have a large number of trips, and the amount of trips at the time will be reduced
on weekends. Most residents would chose to entertain and go shopping during the period from 17:00
to 20:00 on weekends, resulting in an increase in the number of trips during the period compared with
the weekdays. At the same time, it can also be seen that residents in these areas have more activities in
the same area. With the increasing distance from the central urban areas, the traffic flow in other areas
is getting smaller and smaller.

At the same time, it can be seen that compared with Shunyi District, the amount of taxis
entering Tongzhou District is the smallest; in particular, the amount of taxi travel is almost negligible
in the period of 17:00–20:00. The Capital Airport of Beijing is located in Shunyi District (NO. 2
of 2 × 2 grid), and the amount of trips in the area is also relatively large. Tongzhou District is mostly
a residential area, so the demand of the taxis is relatively small. In comparison with the outer ring of
NO. 7 in 4 × 4 grid at different time periods, it can be seen that the travel volume experiences little
change between the morning and evening rush hours on weekdays. On the weekends, the amount
of the travel in the period of 17:00–20:00 is higher than the period of 7:00–10:00. This may be due to
the fact that the area contains well-known areas such as Wangjing and Sanlitun. These areas have
a large amount of travel, especially during the period of 17:00–20:00, resulting in a large amount of
taxis entering and leaving from 17:00 to 20:00 on weekends.
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4. Discussion and Conclusions

The initial aims of this research focus on how to explore and analyze the characteristics and patterns
of urban residents’ travel using taxi GPS data. We propose solutions to these problems by establishing
a set of simple, universal, and effective methods. In this paper, we use trajectory data of GPS-equipped
taxis in Beijing, China to extract a large volume of trips of anonymous customers and to explore urban
human travel spatial-temporal characteristics and patterns. The spatial distribution patterns of PUPs
and DOPs on weekdays and weekends are firstly analyzed. In addition, travel demand, intensity,
time, and distance on weekdays and weekends are used to explore human mobility by extracting taxi
data. Furthermore, this study introduces and applies a new adapted chord diagram plot to visualize
taxi OD flows with different space-time scales, revealing the travel patterns of residents. The method
can characterize the volume, direction and properties of OD flows in multiple spatial-temporal scales;
it is implemented using a circular visualization package in R (circlize). Through the visualization
experiment of taxi GPS trajectory data in Beijing, the results show that the proposed visualization
technology is able to characterize the spatial-temporal patterns of trajectory OD flows in multiple
spatial-temporal scales. This approach utilizes the massive taxi trajectory data from complicated
real-world traffic situations to accurately reflect the true spatial-temporal characteristics and patterns
of urban travel.

PUPs and DOPs play different roles in traffic generation and attraction; they consider the problem
from different perspectives [23]. For example, PUPs represent generation of travel demand
from a passenger’s perspective, while they also reflect the attraction for taxi drivers to look for
riders. Therefore, it is critical to explore their spatial-temporal characteristics and patterns in depth.
Previous studies are limited in their ability to visualize multiscale spatial-temporal trajectories in big
data, and it is more difficult to reveal the characteristics of OD stream data [42–50]. The methods in
this study have the advantage of being able to explore and analyze spatial-temporal characteristics
and patterns of urban resident travel in a unique way. The results above verify that the set of methods,
including the proposal for the new adapted chord diagram plot method, is a valid tool for analyzing
the urban road traffic characteristics and patterns of urban resident travel. The methods proposed
in this paper and the corresponding results provide a new perspective for understanding spatial
variability of resident travel flow across weekdays and weekends that is essential for sustainable
traffic management.

The urbanization process in China has been rapid, and urban structures of world-level cities, such
as Beijing, are becoming more complex. Big data provide opportunities to conduct empirical research
on urban human travel characteristics and patterns. Furthermore, exploring the corresponding urban
structures can break ground for new theoretical studies and contribute to urban and transportation
planning. The methods provided in this study are also suitable for the analysis of other cities with
similar data sources. However, it should be noted that taxi data inevitably encounter issues of
representativeness, that is, mobile users and taxi passengers are not random samples of the population.
Another representativeness issue of the taxi data is that residents can choose different transportation
modes, such as driving a private car, taking a bus or metro, or taking a taxi for various trip purposes. It is
natural that different modes are associated with different patterns. Some travel, such as long-distance
commuting, is hardly reflected by taxi trajectories. Most existing data are only able to show city
characteristics from a specific perspective. Further studies may expand the data source to include
private vehicles, bus, and metro trips. This combination of diverse data can describe human mobility
and urban structure in more dimensions, providing a multifaceted picture of urban dynamics.
In addition, the conclusions drawn from taxi trip data could also contribute to the improvement of
other transportation modes because of their complementary relationships. Therefore, we suggest that
taxi trips constitute a relatively stable proportion of intracity travels; they provide a large data volume
that is highly precise. Taxi data are reasonable to represent intracity spatial interactions and to reveal
city structure. The data source may also be expanded on the temporal dimension. The availability
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of long-period human mobility data can make it possible to detect changes in the urban structure
and validate the effect of policies.
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