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Abstract: The urban bus service system is one of the most important components of a public transport
system. Thus, exploring the spatial configuration of the urban bus service system promotes an
understanding of the quality of bus services. Such an understanding is of great importance to urban
transport planning and policy making. In this study, we investigated the spatial characteristics of an
urban bus service system by using the complex network approach. First, a three-step workflow was
developed to collect a bus operating dataset from a public website. Then, we utilized the P-space
method to represent the bus service network by connecting all bus stop pairs along each bus line.
With the constructed bus network, a set of network analysis indicators were calculated to quantify the
role of nodes in the network. A case study of Shenzhen, China was implemented to understand the
statistical properties and spatial characteristics of the urban bus network configuration. The empirical
findings can provide insights into the statistical laws and distinct convenient areas in a bus service
network, and consequently aid in optimizing the allocation of bus stops and routes.
Keywords: complex network; bus service system; spatial characteristic

1. Introduction
A city can be considered as a place where people are more densely distributed, with developed
industrial and commercial activities. Therefore, it is a place of aggregated people, resources, energy,
and their interactions, and has been treated as a complex system since the 1950s. Recently, with the
rapid growth of population and expansion of urban areas, the demand for urban mobility has been
increasing. Consequently, big cities around the world have encountered a common challenge—traffic
congestion. The development and improvement of urban public transport is an effective approach to
alleviate urban traffic pressure. In a public transport system, the bus service system is a primary travel
mode that attracts a large number of people because of its convenience and low cost. Therefore, when
optimizing bus stops and lines, urban policy makers must understand the spatial configuration of
urban bus systems to improve the service efficiency of these transport systems [1–3].
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In a transport system, spatial interaction activity is a common phenomenon because people
and cargo need to be transported from one place to another. Thus, different types of transport
network systems are generated such as urban bus or metro networks, railroad networks, maritime
networks, and aviation network systems. As a result, the network data model has become an
effective tool for representing and extracting the latent topological properties of public transport
networks [4–7]. In a network system, places and interaction activities can be modeled as nodes
and edges, respectively. Complex network theory has been developed to investigate the network
characteristics of the connections and interactions between elements in the last few decades [8,9].
More recently, this theory has been widely applied by researchers to urban transport-related studies
for exploring urban polycentric spatial structures [10–12] or commuting structures [13–15], revealing
human mobility patterns [16,17], identifying critical locations or the backbone of urban streets [18–21],
and evaluating the vulnerability of urban metro networks [22–24]. Therefore, complex network
analysis can be powerful for examining the underlying characteristics of systems that represent spatial
interaction activities such as public transport systems.
For urban bus service systems, a body of literature has utilized the sophisticated complex
network theory to uncover the raw statistics of bus networks by calculating a set of indicators such
as degree, centrality, and clustering coefficient [9,25–27]. For example, researchers can compare
bus networks in different cities by quantifying their configurations with these indicators [28–30].
In statistical analysis, an important measurement method is to examine the degree distribution of
nodes to determine whether the bus network is a scale-free network [31,32]. The scale-free property
indicates that heterogeneity exists in the network [9,33]. Another important measurement is to analyze
the small-world property of bus networks, which can be detected through the clustering coefficient and
average path length [9,34–36]. For example, a spatial representation model based on the geographical
location of bus stops and routes was proposed to perform a statistical study on the network features
of the bus network in [37], however, the geographical spatial distribution characteristics (e.g., spatial
interaction communities of bus networks) of the network indicators were not revealed. Obviously,
these existing studies have mainly focused on investigating the statistical properties (e.g., degree
distribution model, and small-world and scale-free laws) of urban bus networks, and the methods
used in these studies were very similar; that is, some network indicators were defined to analyze the
topological statistical laws of these indicators. Another study utilized the network analysis methods
to detect the dynamics of urban structures, which mainly concentrated on identifying the temporal
changes of an urban spatial structure by using big smart card data [12]. However, this study did not
focus on the bus network configuration structure. Thus, the present study aimed to investigate the
spatial characteristics of bus networks to determine nodes with dominant or low accessibility and
connections in urban space, the spatial interaction structure generated by bus lines, and the relationship
between the bus and road networks. Understanding these characteristics would provide a deep spatial
insight of bus networks, which is meaningful to urban transportation and planners to optimize the
original network such as by changing the route of some bus lines to improve the accessibility of areas
with few buses passing through.
In this study, we not only analyzed the statistical characteristics of the bus network, but also
mapped these statistical indicators onto spatial areas to explore the spatial characteristics of the bus
service system by using complex network methods. Like in previous studies, the typical degree
distribution and small-world property were analyzed to quantify the whole topological features of the
bus network. In addition, we also focused on the spatial distribution of three centrality indicators and
the closely interacting communities formed by the bus service network. Specifically, we first developed
a program to crawl the urban bus operating dataset from a public transport inquiry website and
projected these bus stops onto a geographic space using a public map service platform. Next, the bus
service spatial network was constructed using the P-space graph method to represent the linking
relation between bus stops. Such a relation is implied in the configuration of bus lines. Finally, a set of
network analysis indicators, namely, degree, clustering coefficient, average path length, and centrality,

to enhance our understanding of the statistical and spatial characteristics of the allocation of the bus
service system on the basis of the spatial units of traffic analysis zones (TAZs).
The contributions of this study are two-fold. First, it provides a deep insight into the statistical
and spatial characteristics of an intra-urban bus service system in a metropolis of China through the
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Figure 1. Study area and bus stops.
Figure 1. Study area and bus stops.

To meet the massive daily travel demand of citizens, the government has constructed a multimodal
public transport service system comprised of buses, subways, taxis, and bicycles. This study focused
on the bus service system. The service area generated by bus stops has a radius of 500 m, accounting
for more than 80% of the entire area of Shenzhen. This coverage is outstanding when compared with
other large cities in China. Due to the convenience and low fare of buses, approximately 55.6% of
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passengers in Shenzhen have opted to travel by bus. Therefore, Shenzhen was selected as the case
study to explore the characteristics of a bus service system. The results of this study can be referenced
by other cities to improve the efficiency of their bus services.
2.2. Dataset Collection
The bus dataset used in this study was acquired from a public transport inquiry website
(www.8684.cn/) that provides bus query services for most Chinese cities. The website updates in real
time, that is, once the operation of buses (e.g., bus stops and bus lines) shows a change in the city.
The website is linked to the homepage of the Shenzhen Bus Company (the company in charge of
Shenzhen’s bus system) to provide a bus inquiry service for citizens. Thus, the dataset collected from
this website is reliable for exploring characteristics of the urban bus system. A three-step workflow was
proposed to collect the bus data based on this website. First, we developed a web crawler program to
crawl all bus lines from the website including every bus line number and bus stop name that each bus
passed. Consequently, we generated a set of bus stops. Second, we projected these stops onto a spatial
map. To achieve this goal, we utilized the Amap platform, which is a famous map service operator in
China to obtain the geographic coordinates of each stop [39]. The platform provides the service of a
geocoding API (application programming interface) to interpret an address into the corresponding
latitude and longitude on the basis of its coordinate system. Finally, we transformed the latitude and
longitude into a universal WGS84 (World Geodetic System 1984) coordinate system to match the other
geospatial data of the study area.
Through this workflow, a total of 1016 bus lines were obtained in Shenzhen. Each bus line
operates in a two-way fashion, which implies that the buses take the same route in outward and return
directions. Thus, two bus stops are located on both sides of the road for the same stop. This study did
not consider the directions of the bus lines, and pairs of bus stops with the same name on either side of
the road were merged into one stop. Accordingly, a total of 5334 bus stops were generated. Figure 1
shows the spatial distribution of the extracted bus stops, which were mainly distributed along the
road network.
3. Complex Network Analysis
In this section, the construction of the proposed complex network based on the bus lines and bus
stops is initially described. Then, some network indicators are introduced to quantify the structure
and centrality of the urban bus service network.
3.1. Network Construction
Generally, two popular methods are used to represent transport network systems, namely, L-space
and P-space methods. The L-space method directly connects the adjacent bus stops along the same bus
line, as shown in Figure 2b, which could only represent the original configuration of the bus network.
The P-space method connects all bus stop pairs that pass along the same bus line (Figure 2c). Unlike
the L-space method, this method is used to measure whether two stops are accessible by the same
bus line, thus it generates a completely connected graph [9,40]. For example, bus line 3 in Figure 2
passes three stops, namely I, G, and J. In L-space, there is no direct connection between stop I and stop
J (Figure 2b), but there is a direct connection between the two stops in the P-space because they can
access each other through bus line 3 (Figure 2c). Therefore, the P-space method is more suitable for
analyzing the spatial transfer and correlation of bus stops. This study utilized the P-space method to
construct the bus service network.
In the P-space bus service network G = (V, E, W), a node vi is a bus stop i, and a weight is assigned
to each link of a bus line. First, the weight wij of edge eij between vi and vj in the network is initialized
as wij = 0. For every bus line, the specific rule to obtain the weight matrix W is as follows:
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If two nodes vi and vj can be accessed without any transfer, it is considered that the two nodes are
connected to each other, and the corresponding weight wij between vi and vj is set to plus 1.
For each pair of nodes on the same bus line, there is no need to make any transfer, as shown in
Figure 2c. For instance, bus line 1 passes through the four stops of A, B, C, and D. This line can be
converted into six links: A–B, A–C, A–D, B-C, B–D, and C–D. Finally, the weight matrix of a bus
service network derived from P-space method is W = {wij }.
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spatial analysis units used in transportation planning to forecast the trip generation and travel
It is assumed that people living in the same TAZ show similar demographic characteristics [41,42].
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The design of TAZs is usually implemented by urban planners or transport geographers. Therefore,
[41,42]. The design of TAZs is usually implemented by urban planners or transport geographers.
it is reasonable for planners and researchers to adopt the TAZ as a basic unit for researching urban
Therefore, it is reasonable for planners and researchers to adopt the TAZ as a basic unit for
transportation problems. In this study, we obtained the TAZ file from the local transport department.
researching urban transportation problems. In this study, we obtained the TAZ file from the local
We aggregated the constructed stop-based network by excluding the edges when both stops were
transport department. We aggregated the constructed stop-based network by excluding the edges
located in the same TAZ and generated the new TAZ-based network GTAZ = (V, E, W). In this network,
when both stops were located in the same TAZ and generated the new TAZ-based network GTAZ =
node Vi represents TAZ i, edge Eij represents the connection between TAZ i and TAZ j, and weight wij
(V, E, W). In this network, node Vi represents TAZ i, edge Eij represents the connection between TAZ
represents the number of bus lines that pass through the two TAZs. Ultimately, a TAZ-based network
i and TAZ j, and weight wij represents the number of bus lines that pass through the two TAZs.
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In this study, N represents the total number of TAZs, and the degree ki of a TAZ represents the
number of TAZs connected directly to the TAZ by at least one bus line. The degree distribution can
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In this study, N represents the total number of TAZs, and the degree ki of a TAZ represents the
number of TAZs connected directly to the TAZ by at least one bus line. The degree distribution can be
calculated as follows:
n
p(k ) = k
(2)
N
where nk represents the number of TAZs whose degree is equal to k.
(2)

Average path length

The average path length presents the average number of edges along the shortest paths between
all possible node pairs in the network [43]. This parameter can be calculated as
L=

1

X

1
2 N (N − 1) i, j

dij

(3)

where dij is the number of edges of the shortest path between nodes i and j. A small average path
length indicates good network accessibility.
(3)

Clustering coefficient

The clustering coefficient is used to measure the extent of the local aggregation in the network [43].
The clustering coefficient of a node can be defined as the proportion of the actual edges Ei between
nodes within its neighborhood divided by the maximal possible edges between them:
Ci =

Ei
.
ki (ki − 1)/2

(4)

The clustering coefficient of the entire network is the average of all nodes in the network. The
larger the clustering coefficient of the network, the greater the local aggregation. This parameter can
be expressed as follows:
N
1X
Ci .
(5)
C=
N
i=1

3.3. Nodes’ Centrality Measurement of the Weighted Bus Network Structure
In this section, weight is considered in measuring the importance of nodes (TAZs) in the
configuration of the bus service network. Generally, centrality is used to quantify the extent of
importance of the nodes in the network. Therefore, the node of closeness centrality, betweenness
centrality, and PageRank score were used to represent the TAZs’ accessibility, connectivity, and influence
on others in the network, respectively.
(1)

Closeness centrality

The closeness centrality of a node is used to quantify how close the node is to others by using the
shortest path [44], which is defined as the reciprocal of the average shortest path length from the node
to others:
N−1
P
CC
(6)
i =
dij
j∈V,j,i

where dij is the shortest path length between TAZ i and TAZ j. The larger the closeness centrality, the
more conveniently TAZ i can be accessed from other TAZs by taking a bus. Thus, closeness centrality
can represent the accessibility of TAZs.
(2)

Betweenness centrality
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Betweenness centrality measures the connectivity of a node, which reflects the capacity of the
intermediate transitivity of the node in the network [45]. The index is defined as follows:
CBi =

1
(N − 1)(N − 2)

X

n jk (i)

k,j∈V, k,j,i

n jk

(7)

where njk represents the number of all shortest paths between TAZ j and TAZ k, and njk (i) is the number
of shortest paths that pass through TAZ i. The larger the betweenness centrality, the more critical the
TAZ in connecting TAZ pairs by taking the shortest path. Thus, betweenness centrality reflects the
importance of a TAZ as a critical bridge in the bus service network.
(3)

PageRank score

PageRank score is used to measure the importance of nodes by comprehensively considering the
importance of the nodes it connects [46]. It considers a strongly connected node to be more important
than nodes with few connections. Therefore, a PageRank score can differentiate the importance of
nodes with the same degree or strength. For an undirected and weighted network, the PageRank score
can be calculated as follows:
X wij × PR j
1
(8)
PRi = (1 − λ) + λ
N
ki
eij ∈Ei

where λ is a free parameter, and the value of 0.85 was used in this study for the calculation [45]; Ei is
the set of edges that connects with node i; ki represents the degree of node i; and PRi represents the
PageRank score of node i, and its calculation is an iterative process. The larger the score, the more
important the TAZ in the bus service network.
4. Result and Discussion
4.1. Statistical Characteristic of the Bus Service Network
4.1.1. Degree Distribution
Figure 3 shows the degree of spatial distribution. On the basis of the method of network
construction, the degree of a TAZ indicates the number of directly connected TAZs, that is, at least
one bus line runs between the TAZ and others. Thus, the larger the degree of the TAZ, the greater the
number of other TAZs that can be reached by taking a bus without transfer. As shown in Figure 3,
the TAZs located in the southern part of Shenzhen have more degree distributions than those in the
northern part (downtown areas). Figure 4a displays the statistical degree distribution, the minimum
and maximum values of degree were 3 and 466, respectively, and the average value of degree was
148. For the cumulative degree distribution (Figure 4b), the distribution appears as an approximate
process of linear decline, and the decay process can be well fitted by an exponential function, which is
consistent with previous studies [28,32,47]. This result demonstrates that the degree does not follow the
power law distribution in Shenzhen, indicating that the bus service network does not show a scale-free
network property. Moreover, this observation is consistent with the results in [48], which implies that
urban public transport systems rule out the law of scale-free because the stops are connected nearly
randomly in P-space representation [9,31]. Furthermore, the results illustrate that the configuration of
the bus service system in Shenzhen is relatively fair in terms of the direct arrival of buses to few TAZs
with enormous reachability.

4. Result and Discussion
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4.1.2. Small-World Property
Figure 3 shows the degree of spatial distribution. On the basis of the method of network
In complex network theory, the average path length and clustering coefficient are the two main
construction, the degree of a TAZ indicates the number of directly connected TAZs, that is, at least
measurements of small-world property network. A small-world network generally has a similar
one bus line runs between the TAZ and others. Thus, the larger the degree of the TAZ, the greater
average path length and a larger clustering coefficient compared to a random network of the same
the number of other TAZs that can be reached by taking a bus without transfer. As shown in Figure
size [43]. The average path length of the bus service network was 2.01, which indicates that people
3, the TAZs located in the southern part of Shenzhen have more degree distributions than those in
only need one transfer on average to reach any TAZ of the city by taking buses. For the clustering
the northern part (downtown areas). Figure 4a displays the statistical degree distribution, the
coefficient of the entire network, the value of Shenzhen was 0.47. The average path length and
minimum and maximum values of degree were 3 and 466, respectively, and the average value of
clustering coefficient of a random network with the same size were 1.85 and 0.15, respectively. Thus, the
degree was 148. For the cumulative degree distribution (Figure 4b), the distribution appears as an
bus service network of Shenzhen presents the small-world property, which is beneficial for improving
approximate process of linear decline, and the decay process can be well fitted by an exponential
both robustness and stability in network planning and protection, and can be used to understand and
function, which is consistent with previous studies [28,32,47]. This result demonstrates that the
interpret the bus service network. Figure 5 shows the spatial distribution of the clustering coefficient
degree does not follow the power law distribution in Shenzhen, indicating that the bus service
of TAZs. The high clustering coefficient of TAZs are mainly located at the edge of the city. Such places
network does not show a scale-free network property. Moreover, this observation is consistent with
including mountains, forests and farmland are sparsely populated areas. In comparison with Figure 3,
the results in [48], which implies that urban public transport systems rule out the law of scale-free
the TAZs with a large degree had a low clustering coefficient, and the correlation between degree and
because the stops are connected nearly randomly in P-space representation [9, 31]. Furthermore, the
clustering coefficient showed a nearly opposite tendency (Figure 6). In other words, the larger the
results illustrate that the configuration of the bus service system in Shenzhen is relatively fair in terms
degree of the TAZ, the smaller the clustering coefficient, which is consistent with studies of the Chinese
of the direct arrival of buses to few TAZs with enormous reachability.
aviation system and railway network [4,49].

4.1.2. Small-World Property
In complex network theory, the average path length and clustering coefficient are the two main
measurements of small-world property network. A small-world network generally has a similar
average path length and a larger clustering coefficient compared to a random network of the same
size [43]. The average path length of the bus service network was 2.01, which indicates that people
only need one transfer on average to reach any TAZ of the city by taking buses. For the clustering
coefficient of the entire network, the value of Shenzhen was 0.47. The average path length and
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The result of community detection is shown in Figure 9, in which all TAZs were grouped into six
communities. It can be seen that spatially adjacent TAZs have been classified as the same community,
which indicates that spatial distance influences the connection relationships of an intra-urban bus
network. Through a comparison with Figure 1, the detected communities were similar to Shenzhen’s
administrative divisions. For example, communities C1, C2, and C4 cover most of the TAZs in the
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Guangming, Baoan, and Nanshan districts, respectively. The community C3 mainly includes the TAZs
of the Longhua district. However, the three districts (Futian, Luohu, and Yantian) in the south of
Shenzhen were identified as community C5, which indicates that the bus lines could connect bus stops
between the three districts very well. Similarly, the bus lines also tightly connect the bus stops in
Dapeng,
of Longgang (Community C6).
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Note that this study did not use the same standard for classifying the three indicators; we executed the
natural breaks for each centrality indicator separately. Therefore, the natural breaks method was used
to help visualize the spatial hierarchical differences of TAZs for each centrality indicator.
As previously mentioned, closeness measures the extent of ease in accessing other TAZs by taking
a bus. The percentage of closeness in the six groups was close to a normal distribution, and the number
of TAZs equal and greater than level L4 accounted for more than 55% of the total (Figure 10). TAZs
with high bus accessibility were mainly concentrated in the southern areas of Shenzhen (Figure 11).
For betweenness centrality, the distribution in the six groups showed a declining trend, and the number
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arrangement of values into different classes according to their statistical characteristics; their

Figure 9. The result of community detection; one color represents one community.

The result of community detection is shown in Figure 9, in which all TAZs were grouped into
six communities. It can be seen that spatially adjacent TAZs have been classified as the same
ISPRS Int. J.community,
Geo-Inf. 2019,which
8, 486indicates that spatial distance influences the connection relationships of an intra12 of 17
urban bus network. Through a comparison with Figure 1, the detected communities were similar to
Shenzhen’s administrative divisions. For example, communities C1, C2, and C4 cover most of the
TAZs in the Guangming, Baoan, and Nanshan districts, respectively. The community C3 mainly
all TAZs (Figure
10). The PageRank score evaluates the importance and influence of TAZs in the bus
includes the TAZs of the Longhua district. However, the three districts (Futian, Luohu, and Yantian)
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Theofspatial
distribution
of PageRank
was
to the closeness
in the south
Shenzhen
were identified
as community
C5,similar
which indicates
that the buscentrality.
lines could The TAZs
with a high
PageRank
score
were
concentrated
the Southern
Nanshan,
Futian,
connect
bus stops
between
themainly
three districts
very well. in
Similarly,
the bus lines
also tightly
connectand Luohu
the busdistricts
stops in Dapeng,
and the north
of LonggangTAZs
(Community
C6). that play important roles
administrative
(FigurePingshan,
11). Moreover,
the important
were those

in the geospatial bus network and represent regions that need to be protected, which could further
4.2.2. Charactering Centrality of Traffic Analysis Zones in Bus Service Network
assist decision makers in identifying potentially important areas.
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We calculated the closeness centrality, betweenness centrality, and PageRank score based on the
weighted bus service network to measure the centrality of the TAZs in the bus service system. In
order to visualize the spatial distribution of the three centrality indicators, for each centrality
indicator, the famous approach of natural breaks classification was utilized to classify TAZs into six
classes according to their statistical characteristics. Natural breaks are designed to determine the best
arrangement of values into different classes according to their statistical characteristics; their
determination requires an iterative process that seeks to minimize the variance within classes and
maximize the variance between classes of groups with similar elements according to their statistical
features [51]. Thus, this method has been extensively used to classify and visualize geographic data.
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and
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Spatial distribution
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centrality,
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centrality,
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accounted for approximately 60% of all TAZs (Figure 10). The PageRank score evaluates the
importance and influence of TAZs in the bus service network. The spatial distribution of PageRank
was similar to the closeness centrality. The TAZs with a high PageRank score were mainly
concentrated in the Southern Nanshan, Futian, and Luohu administrative districts (Figure 11).
Moreover, the important TAZs were those that play important roles in the geospatial bus network
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and represent regions that need to be protected, which could further assist decision makers in
identifying potentially important areas.
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In a city, because the bus travels along the urban network of roads, it is of interest whether
the structure of the urban road network is correlated with the bus service network. In order to
address this gap, we examined the correlation of the three centrality indicators between the bus
service network and road network. Based on the theory presented in Section 3.3, we calculated the
closeness, betweenness, and PageRank of urban road nodes and aggregated the average value for
each TAZ. Similarly, Pearson’s correlation coefficient was used to measure the correlation between the
bus network and road network, and we normalized the centrality indicators by using the maximum
and minimum before calculating the correlation coefficient. As shown in Figure 13, the correlation
coefficients of closeness, betweenness, and PageRank were 0.452, 0.104, and 0.003, respectively. The
correlation coefficient indicates that there was some correlation of closeness between the bus network
and road network, which indicates that the convenience of the road network may be correlated with
the bus network in some TAZs. For betweenness, the coefficient indicates that the connectivity of
the bus network has a low correlation with the intermediate transitivity of the urban road network.
However, the PageRank of the bus network was nearly unrelated with that of the road network. In the
road network, the nodes connect with their adjacent nodes by road segments; usually the influence
of road nodes is very small, which results in a relatively concentrated PageRank score (about 0.45 in
Figure 13c) of nodes in the road network. In contrast, in the bus network, a bus stop can connect with
many other stops only if there are bus lines passing through these stops. Therefore, the PageRank of
the bus network is more dispersed.
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