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Abstract: Street systems are the backbone of cities. With global urbanization and economic
development, street systems have undergone significant development along with the growth of
cities. In this paper, the authors select three cities with varying sizes, histories, locations, and growth
dynamics: Stockholm, Toronto, and Nanjing. We analyze topological structures of their public street
systems based on GIS and complex network theory. Considering the planarity of street systems,
we first calculate various topological measures, including α, β, and γ indices, and density. This is
followed by comparing three centrality measures, i.e., degree, betweenness, and closeness in complex
network theory. In this part, we investigate these characteristics of nodes and edges in a primal
representation, and discuss their relations with urban growth mechanisms.
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1. Introduction

Street networks are the backbone of cities and correlate with urban development. In the real world,
different cities show distinct street patterns due to various historical reasons, geographic surroundings,
socio-cultural environments, economic conditions, and more. In this sense, exploring street patterns
can reveal many underlying features of a city; therefore, it is of the utmost importance for city planners
and policy-makers.

As a typical class of planar systems, much attention has been paid to urban street systems from
different perspectives. In the 1960s, quantitative geographers and transport researchers defined and
calculated the planarity of transport systems [1,2]. Afterward, many global measures of heterogeneity,
connectivity, accessibility, and interconnectivity were proposed to explore the topological structure
of spatial systems [3–6]. In contrast, space syntax analyzes spatial configurations on the basis of the
spatial and social relationship in urban street systems; therefore, it provides a good way to sketch
street networks and urban morphology from a topological perspective [7,8]. On the other hand, traffic
flows and travel patterns of citizens also invoke the interest of researchers considering the importance
of street systems in shaping people’s daily lives [9,10].

Since proposing the complex network theory late last century, transport systems, as a typical
instance of spatial networks, have made progress from various subjects [11–16]. Topological properties
and structures have gained the most attention [11,14,17–19]. Different representations and statistical
measures are widely discussed as the first step to study transport systems [16,20,21]. As a traditional
measure in complex network analysis, centrality was introduced to explore transport systems,
including aviation systems [22], street networks [14], metro systems [23], and bus stop systems [24–26].
Many studies emerged in this field, and some common features, such as the small-world effect
and the power-law distribution are found across transportation systems of different sizes [27–31].
In comparison, empirical analyses are constrained into topological features, and limited focus was
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put on spatial structures from a complex network perspective [28,32,33]. Street networks are more
constrained by geographic factors compared to aviation systems and public transport systems.
Some effort is made to extend complex network properties to reveal the planarity of real street
systems [34]. For example, the cell degree is proposed to measure the number of first neighbors of a
cell in a street system based on the node degree, which is a traditional measure in complex network
analyses [13]. However, street networks are a complicated outcome of city evolution, which would in
turn shape the future urban development pattern. Although complex network measures can depict
many underlying features and mechanisms of street systems, to the authors’ knowledge, their relation
to urban patterns are still unclear and require additional study.

The primal aim of this paper is to discuss the street patterns from both the spatial and the
topological perspectives and compare them within different urban-pattern frameworks. To this end,
we selected three different cities as study cases (i.e., Stockholm, Sweden; Nanjing, China; and Toronto,
Canada). They are located on different continents and possess distinct geographic backgrounds,
as well as urban development patterns, which are supposed to have a very large effect on their
transportation networks.

The remainder of the paper takes the following form: Section 2 introduces the study area and
data preprocessing. Moreover, the research methods adopted in this paper are also investigated in
this section. Section 3 describes the planarity of three networks in terms of their different urban
patterns. Section 4 discusses and compares the different topological network measures of three cities.
The conclusion summarizes our findings and indicates future directions.

2. Data and Methods

2.1. Data Collection

In this paper, three cities will be discussed: Stockholm, Sweden; Nanjing, China; and Toronto,
Canada. They present distinct properties in terms of urban population, area and economic development
(Table 1). Stockholm is the capital as well as the most populous city of Sweden and on the Scandinavian
Peninsula (Figure 1a). Compared to Nanjing and Toronto, Stockholm possesses the smallest numbers
in GDP, area, and population; however, it has been undergoing a rapid development over this past
decade. Yet, it has the highest mean income for its inhabitants. Nanjing is the provincial capital of the
Jiangsu Province of China, and the eighth largest city in China (Figure 1b). Considering the changes
in the administrative divisions in 2012, we included the main central districts (which consists of four
districts: Qinghuai, Gulou, Jianye, and Xuanwu), Pukou district, Jiangning district, and Qixia district in
this study. With the rapid urbanization and economic development in China, Nanjing has grown and
extended, in urban area and population, at a fast pace since 2000. Toronto is the capital of the Province
of Ontario and the most populous city in Canada. It has experienced a surge in both economics and
population for many years (Figure 1c). The GDP of the city of Toronto reached $143.8 billion in 2012.
It is worth mentioning that Toronto is also known for its strict urban planning. In this sense, it can
be seen as a planned city, whereas Stockholm and Nanjing are more self-organized in terms of their
spatial patterns. Note that every city might be affected by natural or artificial constraints, more or
less. For example, Stockholm is located by the ocean, Toronto is constrained on one side by a lake,
and administrative zoning imposes a complicated effect on Nanjing’s street network. In this sense,
geographic constraints can be ignored in this comparative analysis.

Table 1. Basic statistics of three cities in 2012.

City Population Area (km2)
Population Density

(per/km2) GDP ($bil) Mean Income ($)

Stockholm 881,235 188 4687 34.5 48,780
Nanjing 6,376,500 3098 7573 59.5 5906
Toronto 2,791,140 630 4430 143.8 42,736
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Figure 1. Study areas of city of (a) Stockholm; (b) Nanjing; and (c) Toronto. 
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The data used in this work consists of two parts, the statistical data and the map data. The 
statistical data of Stockholm comes from the Statistics Bureau of Sweden website [35]. The statistical 
data of Nanjing was extracted from the Nanjing Statistical Yearbook 2013. It is worth noting that in 
consideration of the different statistical scales in China, we selected the urban area to compare 
Nanjing with the other cities. The statistical data of Toronto is extracted from the Statistics Canada 
website [36] and the Map and Data Library of the University of Toronto [37]. On the other hand, the 
map data are processed in ArcGIS 10.1 ESRI (Redlands, CA, USA) by the authors themselves. 

2.2. Network Representation 

A graph G consists of the set of vertices (nodes) V and the set of edges (links) E [38]. There are 
two different representation methods for urban street networks (i.e., the primal approach and the dual 
approach). The primal representation is a natural and intuitional approach, which takes just the road 
segments as links, and intersections or the ends of roads as nodes for an urban street network [21]. This 
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The data used in this work consists of two parts, the statistical data and the map data.
The statistical data of Stockholm comes from the Statistics Bureau of Sweden website [35]. The statistical
data of Nanjing was extracted from the Nanjing Statistical Yearbook 2013. It is worth noting that in
consideration of the different statistical scales in China, we selected the urban area to compare Nanjing
with the other cities. The statistical data of Toronto is extracted from the Statistics Canada website [36]
and the Map and Data Library of the University of Toronto [37]. On the other hand, the map data are
processed in ArcGIS 10.1 ESRI (Redlands, CA, USA) by the authors themselves.

2.2. Network Representation

A graph G consists of the set of vertices (nodes) V and the set of edges (links) E [38]. There are
two different representation methods for urban street networks (i.e., the primal approach and the dual
approach). The primal representation is a natural and intuitional approach, which takes just the road
segments as links, and intersections or the ends of roads as nodes for an urban street network [21].
This method is similar to social networks or airport networks [16]. In this study, we select this method
to represent three street systems to provide a more objective picture. In contrast, the dual representation
could introduce more subjectivity. For this method, street segments are taken as nodes, and if two
segments intersect, an edge between them will be constructed [39]. In this sense, defining the segments
(i.e., the meaning of the nodes), becomes the problem. This topic has been widely discussed by
researchers from various perspectives [14,20]; however, we do not give detailed explanations here due
to space limitations.
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2.3. Planarity

In graph theory, a planar graph indicates a graph in which all edges intersect only at their
endpoints. To avoid unnecessary topological complication, we assume that the vertices of a graph
are the street intersections in a city and the extremes of the dead-end roads, while the edges are the
street fragments connecting the intersections. All freeways, tunnels, or overbridges are mapped to the
surface transportation network, and only one segment is kept if a duplicate is detected. In this sense,
a street system can be regarded as a typical planar network.

The alpha coefficient α is also called the meshedness coefficient, which is used to measure the
structure of cycles in a planar systems. It can be written as [3]:

α =
NE − NV + 1

2NV − 5
(1)

Here, NE and NV represent the number of edges E and nodes N in a planar network. According
to the Euler’s formula, the number of cells in a planar network can be calculated as NE − NV + 1, and
the maximum number of cells in a network equals 2NV − 5. In this case, the alpha coefficient can be
seen as the ratio of the real number of cells and the maximum number of cells in a network. Therefore.
the value of the alpha coefficient should lie in the range between 0 and 1.

The beta coefficient β is very straightforward. It can be written as the ratio of the number of edges
and the number of nodes in a network. It measures the connectivity of a network, and a larger value
indicates a better connectivity:

β =
NE
NV

(2)

The gamma index γ is a measure of the relation between the real number of edges and the number
of all possible edges in a network, which can be calculated as:

γ =
NE

3(NV − 2)
(3)

Likewise, NE is the number of edges and NV indicates the number of nodes in a network.
3(NV − 2) calculates the maximum edges for a planar network which is composed of NV nodes.
Therefore, the value of the gamma index is between 0 and 1, and 1 means a fully-connected graph.

Characteristic path length Lgeo reflects the internal structure of a network by containing the
internal separations of all nodes, and is defined as:

Lgeo =
1

NV(NV − 1) ∑
i,j∈V,i 6=j

dij (4)

where NV represents the numbers of nodes, while dij indicates the minimum length of the paths
that connect two arbitrary vertices, i.e., the graph geodesic distance between the two vertices in a
planar network.

2.4. Node Measures

2.4.1. Degree Centrality

For node i, its degree centrality measures the number of edges connected to it, which can be
written as [40]:

CD
i = ∑

j∈V;i 6=j
aij (5)

In which i, j are nodes in the network V, and aij is the entry value in the adjacency matrix, which
equals 1 when i and j are connected and 0 when they are not. Note that in this study, we do not include
the case of i = j, which indicates a loop in the network.
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2.4.2. Betweenness Centrality

The betweenness centrality reflects the level of intermediate importance. It is measured by the
probability that a node i is passed by the shortest paths between all node pairs in the network [40–42],
that is:

CB
i =

1
(NV − 1)(NV − 2) ∑

j,h∈V;j 6=h

njh(i)
njh

(6)

Here njh(i) is the number of shortest paths between node j and h which pass the vertex i, and njh is
the total number of shortest paths between them. NV indicates the number of nodes in the network.

2.4.3. Closeness Centrality

The closeness centrality calculates the distance from a node i to all other nodes in a system, which
can be written as:

CC
i =

NV − 1
∑

j∈V;i 6=j
dij

(7)

Here, dij represents the shortest path length between node i and j, and NV is the number of nodes
in the network. In our study, dij represents the geodesic distance that measures the accessibility from a
planar perspective instead of the spatial road distance.

2.4.4. Clustering Coefficient

The clustering coefficient is calculated as the probability that two neighbors of a node are likely
to be connected themselves, which can be used to quantify the degree of clustering of a graph.
Accordingly, the clustering coefficient for the entire network is:

cc =
1

NV
∑
i∈V

2mi

CD
i (CD

i − 1)
(8)

Here, mi indicates the number of edges between the first neighbors of node i, and CD
i represents

degree centrality of node i in the network.

3. Planarity of the Urban Street Networks in the Primal Representation

3.1. α, β, and γ Coefficients and Network Density

In this part, we calculated some basic coefficients of the three systems, including the α, β, and
γ coefficients, the network density, and more. As discussed in the last section, these coefficients can
depict different features of the cellular structure of planar systems.

In Table 2, Toronto possesses the largest network size in terms of the number of both nodes and
edges, which is almost four times that of Nanjing and ten times that of Stockholm. In comparison,
Stockholm presents the smallest network with the smallest values in all coefficients. It is worth noting
that Nanjing gives the biggest values in Ltotal, cc, α, β, and γ coefficients; however, it does not agree
with the conclusion based on the empirical analysis of metropolitan areas in the United States [6],
which indicates that the values of coefficients increase with the size of the city. It is worth noting that
the meshedness coefficients of the three systems are small because of the lack of triangles in real cities.
This conclusion coincides with the findings of Bual et al. [34] and Crucitti et al. [43]. On the other hand,
some significant differences are detected between self-organized and planned cities. For example,
although the numbers of nodes and links in Toronto are much greater than those of Nanjing, the total
street length of the former is less than the latter. Additionally, the clustering coefficient of the system
of Nanjing is also larger than that of Toronto. This means that, for an organized street system, the first
neighbors of a node are more inclined to connect with each other, which also conforms to the scenario
in the real world.
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Table 2. Basic planar statistics of three cities.

Name NV NE Ltotal (km) cc Lgeo α β γ P (km/km2)

Stockholm 2612 3603 971.3 0.052 40 0.190 1.379 0.460 5.17
Nanjing 6121 9275 6219.9 0.070 50.2 0.258 1.515 0.505 7.39
Toronto 26093 37123 5650 0.041 69.6 0.211 1.423 0.474 8.97

Note: NV and NE respectively indicate the number of nodes and edges of the network, Ltotal is the total length of the
streets; cc represents clustering coefficient of the network; Lgeo is the characteristic length path of the network and
P calculates the road network density.

3.2. Length Distribution

All three systems show a clear bias toward shorter segments, which is unsurprising because short
segments are more efficient for street systems. However, when we look closely, the systems show some
striking differences. In Figure 2, we present the histograms of street lengths in meters in the urban
street systems of Stockholm, Nanjing, and Toronto. Our findings here conflict with the conclusion that
self-organized cities present a single peak distribution, which the planned cities did not [44]; however,
there are some differences between self-organized and strictly-planned systems. Common to the city
of Stockholm and Nanjing is a relatively even distribution of segment lengths. As a result, 86% of the
streets are shorter than 500 m, while 2% are longer than 1000 m for the city of Stockholm. For the city of
Nanjing, only 55% of the street segments are shorter than 500 m. In contrast, 20% of the segments are
longer than 1000 m, of which 25% are longer than 2000 m. As a strictly planned city, Toronto possesses
street segments and 98% are shorter than 500 m, while only 0.1% are longer than 1000 m.ISPRS Int. J. Geo-Inf. 2017, 6, 295 7 of 13 
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3.3. Cell Area Distribution

In planar systems, a cell is acknowledged as a closed circuit that contains at least three vertices
and three edges [3]. As mentioned above, a road network appears as a two-dimensional cellular
system. According to Euler’s theorem, the number of cells in a planar network C can be calculated
as follows:
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NC = NE − NV + 1 (9)

In the above equation, NE and NV respectively indicate the number of edges and vertices in a
network. According to this formula, the values of NC for three systems can be calculated as NC

St = 992;
NC

Na = 3155; and NC
To = 10,031.

To better capture the underlying mechanisms of the cellular structure of the three systems and
make comparisons in terms of their urban patterns, we calculated the cell areas and illustrated the
distribution histograms in Figure 3. Clearly, three subplots show significant differences. It is worth
noting that the figures focus on the distribution of the cell area, which is no greater than 1 km2 in the
three systems. Stockholm and Nanjing present similar patterns for the small- and medium-sized cells,
which can reveal the heterogeneity in the self-organized systems. However, Nanjing has a significant
portion of large-sized cells because the study area covers some suburbs in which the road density is
relatively low. Comparatively, the strictly-planned city of Toronto presents a single peak distribution.
In this network, 90% of the cells are smaller than 0.09 km2, and 71.5% of the cell areas are located
between 0.01 km2 and 0.05 km2, which is the peak of the plot.
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4. Centrality of the Urban Street Networks

The complex network theory provides a novel way to explore the physical networks in our real
world. We will discuss the results of main centrality distributions in this section to better capture and
compare the underlying topological mechanisms of these three cities.

4.1. Degree Distribution

Node degree is the most fundamental and straightforward measure to quantify the connectivity
of a real network. There is no difference between these three systems from an overall perspective
(Figure 4). The average degrees of the street networks of Stockholm, Nanjing, and Toronto, respectively,
are 2.75, 3, and 2.79. It is easy to understand, considering that intersections and ends are taken as
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nodes in this study. The maximum degree value is 6 because a complicated structure will decrease
the efficiency of the whole system. Note that the degree value of 6 is not a theoretical maximum.
A degree greater than six means there are more than three streets intersecting with each other, which
is uncommon and inefficient in the real world. On the other hand, the smallest degree value is 1 for
ending nodes.
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4.2. Closeness Distribution

Closeness reveals the level of traveling convenience of the nodes in a system. In the real world,
the distribution pattern of closeness centrality can delineate the most accessible area in a network.
To depict the relationship between the closeness and other urban features, we first plot the cumulative
distribution of centrality in a log-log plot for three networks (Figure 5). Remarkably, these three
cities present a heavy-tailed distribution instead of a standard power law. It is a distribution with
approximately two regimes, which can be divided based on a threshold value of Ci

C. The threshold
value is decreasing while the size of the network is growing. For self-organized cities, like Stockholm
and Nanjing, it indicates that there are some dominant streets with the highest closeness values,
whereas a large number of streets possess low values. In contrast, Toronto presents a more even
distribution. The average closeness decreases while the size increases, which are 0.025 for Stockholm,
0.02 for Nanjing, and 0.014 for Toronto. From the spatial perspective, the most central areas present the
highest closeness values (Figure 6). As to the city of Nanjing, the most accessible areas are in the upper
east area rather than the spatial center of the city. This area covers the Gulou, Qinhuai, Xuanwu, and
part of the Jianye districts, which are the urban socio-economic centers in the real world. To summarize,
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compared to the two self-organized cities, the strictly planned city (i.e., Toronto), presents a better
accessibility pattern from an overall perspective.
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4.3. Betweenness Distribution

The cumulative probability distribution of betweenness centrality for the street systems of
Stockholm, Nanjing, and Toronto are illustrated in Figure 7. Unlike the two-regime power-law
distribution for airline systems [16,22,28,31,33], these three street networks consistently present a
scaling law. It indicates that some routes or streets play the most bridging roles in the networks. In this
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sense, we can expect that the streets with the biggest values of betweenness centrality should be the
busiest ones in the real world. This assumption is verified by our findings. In Figure 8, the bluest
streets have the largest values of betweenness, and these streets construct the basic skeletons of cities.
For example, in the upper left of the subplot of Stockholm, the two bluest lines are the county roads
275 and 279, respectively. These two roads connect central Stockholm with some important suburbs,
such as Kista, Bromma, and Sollentuna. Additionally, both ends of these roads are connected to the
European route E4, which passes from north to south through Sweden from the Finland border.
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It is worth pointing out that there is a distinct difference between self-organized cities and
strictly-planned cities in terms of the spatial pattern of the betweenness centrality. From Figure 8, the
city of Stockholm and Nanjing both present a clear heterogeneity, whereas the city of Toronto does
not. The betweenness centrality can be used to evaluate the efficiency of the whole network. Due to
the probability that a node is passed by the shortest paths between all node pairs in the network, it
is believed that an even distribution of the betweenness means it is a robust system that presents a
high tolerance for deliberate attacks on some critical nodes [16]. In this sense, a strictly-planned city
has a more optimal structure, which possesses a higher overall efficiency in traffic distribution as
a consequence.

5. Conclusions

In this paper, we explored the topological structure of street systems of three cities—Stockholm,
Nanjing, and Toronto—from a comparative perspective, which is of paramount importance for city
planning and policy-making. From the perspective of city evolution, three cities (i.e., Stockholm,
Nanjing, and Toronto) can be seen as a small-sized self-organized city, a middle-sized self-organized
city, and a large-sized planned city. They present distinct planar characteristics. For example, the
segment length and cell area of Toronto can be captured by a peaked distribution; in contrast, the
self-organized cities share a more heterogeneous structure.

Additionally, our studies show that the centrality analyses almost pick out the real hierarchy
of roads in the three systems; however, some differences appear among them. The distribution of
betweenness can be seen as a useful way to measure the traffic efficiency at the global level, which
depicts the difference among different city structures. To sum up, the strictly-planned city is more
efficient in accessibility and connectivity based on the centrality analysis. A recommendation derived
from this study for urban planners and transport engineers is that various centrality measures could
be helpful in quantitative ways to evaluate city development patterns.

We have to say that this work is just a preliminary study regarding the relation between network
structure and city form, and there is still work ahead. In this study, the treating of the street networks
as a planar network is an approximation to the real-world scenarios. How to better describe the
complexity of road networks could be a challenging subject to be discussed. Another interesting topic
is adding an evolutional perspective. Considering the difficulty in acquiring the long-term historic
data for street systems, constructing a simulation model will be the first step in our future work.
Additionally, to make the research more systematic, we will introduce more sample cities to explore
the relationships between network measures and city attributes.
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