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Abstract 
 
 
Conventionally geographic data produced and disseminated by the national 
mapping agencies are used for studying various urban issues. These data are not 
commonly available or accessible, but also are criticized for being expensive. 
However, this trend is changing along with the rise of Volunteered Geographic 
Information (VGI). VGI, known as user generated content, is the geographic 
data collected and disseminated by individuals at a voluntary basis. So far, a 
huge amount of geographic data has been collected due to the increasing number 
of contributors and volunteers. More importantly, they are free and accessible to 
anyone.  
 
There are many formats of VGI such as Wikimapia, Flickr, GeoNames and 
OpenStreetMap (OSM). OSM is a new mapping project contributed by 
volunteers via a wiki-like collaboration, which is aimed to create free, editable 
map of the entire world. This thesis adopts OSM as the main data source to 
uncover the hidden patterns around the urban systems. We investigated some 
fundamental issues such as city rank size law and the measurement of urban 
sprawl. These issues were conventionally studied using Census or satellite 
imagery data.  
 
We define the concept of natural cities in order to assess city size distribution. 
Natural cities are generated in a bottom up manner via the agglomeration of 
individual street nodes. This clustering process is dependent on one parameter 
called clustering resolution. Different clustering resolutions could derive 
different levels of natural cities. In this respect, they show little bias compared to 
city boundaries imposed by Census bureau or extracted from satellite imagery. 
Based on the investigation, we made two findings about rank size distributions. 
The first one is that all the natural cities in US follow strictly Zipf’s law 
regardless of the clustering resolutions, which is different from other studies 
only investigating a few largest cities. The second one is that Zipf’s law is not 
universal at the state level, e.g., Zipf’s law for natural cities within individual 
states does not hold valid.  
 
This thesis continues to detect the sprawling based on natural cities. Urban 
sprawl devours large amount of open space each year and subsequently leads to 
many environmental problems. To curb urban sprawl with proper policies, a 
major problem is how to objectively measure it. In this thesis, a new approach is 
proposed to measure urban sprawl based on street nodes. This approach is based 
on the fact that street nodes are significantly correlated with population in cities. 
Specifically, it is reported that street nodes have a linear relationship with city 
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sizes with correlation coefficient up to 0.97. This linear regression line, known 
as sprawl ruler, can partition all cities into the sprawling, compact and normal 
cities. This study verifies this approach with some US census data and US 
natural cities. Based on the verification, this thesis further applies it to three 
European countries: France, Germany and UK, and consequently categorizes all 
natural cities into three classes: sprawling, compact and normal. This 
categorization provides a new insight into the sprawling detection and sets a 
uniform standard for cross comparing sprawling level across an entire country. 
 
 
Keywords: VGI, OSM, Geographic knowledge discovery, Zipf’s law, Urban 
sprawl  
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Chapter 1 

 

Introduction 

 
 
1.1. Background 
Open source is a free sharing system that can be contributed by everyone who 
wants to work on it and can benefit everyone who wants to use it. Proposed by 
Raymond (1999), it was firstly accepted by the free software community in a 
meeting held in 1998 by technology publisher Tim O’Reilly. However, this 
thinking was embodied in the recipes shared by households as early as the 
beginning of human civilization. Recently it crawls into many other fields of our 
society, such as open source software/hardware, Wikipedia, etc. Particularly, 
with the increasing number of voluntary contributors engaging in the movement 
of creating geographic information and sharing them via internet, a new term 
coined by Goodchild (2007) as Volunteered Geographic Information (VGI) is 
emerging as a new type of open source. Like open source, it is voluntarily driven 
information associated with geographical locations. Importantly, it becomes 
popular that everyone could be a contributor based on two conditions: (1) the 
sharp decline of the price in GPS receivers and mobile devices, and (2) the 
improvement on the measurement accuracy of GPS devices. 
 
As one type of VGI, OpenStreetMap (OSM) demonstrates great vitality in recent 
years with the increasing number of contributors and the increasing volume of 
geographic data (Haklay and Weber, 2008). It is a wiki-like collaboration to 
create a free editable map of the entire world, using data from portable GPS 
devices, aerial photography and other free sources. The way to collect 
geographic data at an individual basis is different from the traditional way 
imposed by the national mapping agency. And hence, the rich and complex 
characteristics of OSM data collected in an individual level provides us a very 
useful data source to uncover something hidden and unconventional within the 
geographic systems, or exactly the urban systems. Herein, this thesis is 
motivated to explore the intensive OSM data to take a fresh look at some urban 
problems which were conventionally studied using Census or satellite imagery 
data. In this way, we set the aims for the entire work examined in this thesis. 
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1.2. Thesis aims 
The overall aim of this thesis is to explore the VGI to investigate two issues in 
urban systems: the city size distribution and the urban sprawl. To achieve our 
aim, we derive the street nodes and the clustered natural cities datasets from the 
huge amounts of OSM source. Based on these datasets, this thesis firstly 
examines the controversial issue on whether Zipf’s law holds valid for all cities 
in the US. This universal rule dominates the phenomenon in the geographic 
systems, and it is helpful in understanding the mechanism of the city evolution. 
Secondly, this thesis proposes a new method to detect the sprawling level for 
each natural city. Our intention is to demarcate the cities into three classes: 
sprawling, compact, and normal, so that the urban policy makers could take 
corresponding strategies to cope with them.  
 
 
1.3. Thesis structure 
This thesis consists of 6 chapters. The first chapter presents a brief introduction 
to the background of this study, aims of this thesis, its structure and declaration. 
The next two chapters (chapter 2 and chapter 3) describe the fundamental 
concept and feature of open source, VGI and OSM sequentially. In the following 
two chapters, chapter 4 and chapter 5, we derive the street nodes and the natural 
cities clustered from the massive street nodes, and investigate two hot topics in 
the urban systems: the city size distribution and the urban sprawl. Specifically, 
chapter 4 aims to provide a fresh look at the city size distribution from the 
perspective of natural cities, while chapter 5 proposes a new method to measure 
urban sprawl and further applies this method to US and three European 
countries. Finally, we draw a conclusion and point to future work in chapter 6. 
More details about the structure of this thesis are shown in Figure 1.1. 
 
In chapter 2, this thesis firstly reviews the history and development of open 
source, and then stresses the importance of its spirit from the economic 
perspective. This viewpoint considers open source as a public good owing to 
two reasons: (1) it can be consumed by anyone without reducing the availability 
of it consumed by others, and (2) no one could be excluded from consumption 
for it is free and accessible to anyone. Because of this spirit, it has expanded into 
many other fields, such as OpenCola, Wikipedia, etc. Particularly, it leads to 
prosperity of VGI. Secondly, this chapter moves to the fields of VGI. This 
public good has a bit difference from the open source for it is location related. 
Its definition is explored and examined thoroughly from the perspective of both 
the control theory and the information theory, and then some typical features of 
VGI are summarized. Thirdly, four issues underlying VGI are elaborated and 
discussed, namely the knowledge discovery issue, the uncertainty or accuracy 
issue, the human privacy or liability issue, and the underlying driven force issue. 
The first issue is highly related to this thesis. Fourthly, some typical examples of 
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VGI, including the Wikimapia, Flickr and OpenStreetMap (OSM), are 
introduced.  

 
In chapter 3, the history and development of OSM are introduced in the 
beginning, and then the components of OSM are elaborated from the technical 
perspective. After that, this chapter describes the entire procedure of collecting 
data, uploading data, editing data and rendering data, contributed by the OSM 
volunteers. Besides, it further discusses the data organization and management 
in OSM, and presents some successful applications based on the OSM sources. 
It is stressed that using the OSM data to study the urban systems is one of the 
most flexible applications. Finally, based on the organization of the OSM data, 
the street nodes are extracted with our program as the main dataset in this thesis. 
Particularly, street nodes defined in this thesis include both of the intersection 
points and the ends of streets, because it reflects a more reliable picture of 
human activity. 
 

 
 

Figure 1.1: An overview of this thesis 
(NOTE: chapter 4 is adapted from paper one (Jiang and Jia, 2011) and chapter 5 

is based on paper two (Jia and Jiang, 2011). 
 
 
In chapter 4, the city size distribution of natural cities in US is examined. 
Particularly, our intention is to valid the controversial arguments on (1) whether 
Zipf’s law holds well for all the natural cities in US, and (2) if Zipf’s law holds 
for natural cities within individual states in US. To put it more detail, this 
chapter is structured as follows. Firstly, it gives the definition of natural cities 
which are clustered from the street nodes using the city clustering algorithm 



 

4 
 

(CCA) (Rozenfeld et al., 2009). Secondly, it discusses the results obtained from 
the US datasets. No matter what clustering resolution we choose, it is found that 
the size of the corresponding natural cities follow the Zipf’s law within the 
entire US including the continuous US, Alaska, and Hawaii. This suggests the 
universal distribution of all natural city sizes regardless of the clustering 
resolution. Thirdly, this chapter presents a finding that natural cities within 
individual US state do not follow strictly the Zipf’s law but instead follow a 
power law distribution (the range of the scaling exponent of a power law 
distribution is from 1 to 3, whereas the scaling exponent of a Zipf’s law is 
exactly 1). The different scaling exponents among each state indicate the 
heterogeneous inner structure of individual states, which may suggest an 
explanation for the mechanism of city evolution. 
 
In chapter 5, the urban sprawling problem in the process of urbanization is 
investigated. Different from the conventional studies using population and US 
Census or satellite imagery data to examine urban sprawl, this chapter proposes 
a new approach to measure it based on natural cities and street nodes. It is found 
that the street nodes are significantly correlated with population of cities. Based 
on this finding, we set street nodes as a proxy of population to measure urban 
sprawl. It is further found that street nodes have a linear relationship with city 
sizes, with the correlation coefficient up to 0.97. In the plot with the x axis 
representing city physical sizes, and the y axis street nodes, sprawling cities are 
located below the regression line, compact cities above the regression line, and 
normal cities along the line. This study first verifies the approach using urban 
areas and population from the US census, and then applies the approach to three 
European countries: France, Germany, and the United Kingdom for the 
categorization of natural cities into three classes: sprawling, compact, and 
normal. This categorization sets a uniform standard for cross comparing 
sprawling levels across an entire country. 
 
Finally, chapter 6 summarizes the entire work of this thesis and presents the 
main findings achieved through this study, and further examines challenging 
problems in the future work. 
 
 
1.4. Thesis declaration 
This thesis mainly focuses on two topics, namely the city size distribution and 
the urban sprawl, which are based on two papers. These two papers contribute to 
the most content of this thesis. The main idea in paper one (Jiang and Jia, 2011) 
is conceived by Professor Bin Jiang who proposed such a research topic, while I 
carried out the work including data processing, data analysis, programming, and 
data statistics. The research idea in paper two (Jia and Jiang, 2011) is devised by 
me, and I am responsible for the work of data processing, method 
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implementation, data analysis. Basically, Professor Bin Jiang takes a leadership 
in paper one, whereas paper two is leaded by me. However, it is declared hereby 
that any problem found in this thesis is the sole responsibility of the thesis 
author. 
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Chapter 2 

 

Open source and Volunteered Geographic Information 
(VGI) 

 
 
This chapter reviews the history and development of open source, and 
especially, introduces several typical applications based on open source. This 
chapter further explores the definition of Volunteered Geographic Information 
(VGI) and examines this phenomenon from the perspective of both the control 
theory and the information theory, and then concludes with some basic features 
of VGI. Next, this chapter elaborates some issues underlying VGI such as 
knowledge discovery, uncertainty or accuracy, the human privacy and the 
underlying driven force. Finally, some successful applications of VGI are 
presented, including the Wikimapia, Flickr and OpenStreetMap (OSM) (Haklay 
and Weber, 2008), which is the main data source of this study.  
 
 
2.1. History and development of open source 
Open source is a free sharing system that can be contributed by everyone who 
wants to work on it and can benefit everyone who wants to use it. Bearing the 
same concept, people shared cooking recipes since the beginning of human 
civilization. This thinking also embodied in the development of automobiles at 
the beginning of the last century. At that time, the “2 cycle gasoline engine 
patent” (Blanke, 2007) was owned by a few automobile industry monopolists, 
and they enforced other car manufacturers to obey their rules for the purpose of 
controlling the whole industry. A man named Henry Ford, an independent car 
manufacturer, ended the monopoly by that patent, and established an 
Automobile Association named Motor Vehicle Manufacturers Association 
(MVMA). At the same time, this association passed a cross-licensing agreement 
among its members, and it meant that the manufacturers among this association 
were free to use the patents developed by its members (James, 1977). These 
reflect the emergence of open source in an early form.  
 
Open source was coined by Raymond (1999) in an event organized by 
technology publisher Tim O'Reilly in 1998. This was a big event for the open 
source community, and many leaders of most important open source projects 
were invited to join. As to the naming of this new term, Raymond preferred to 
name it open source, but disagreements came out from other members to name it 
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free software. However, the name open source was finally accepted. As the 
community why rejected the name free software, but instead accepted the open 
source, Raymond (1998) explained,  
 
“The problem with it is twofold. First, it's confusing; the term ‘free’ is very 
ambiguous. Does ‘free’ mean ‘no money charged?’ or does it mean ‘free to be 
modified by anyone’, or something else? Second, the term makes a lot of 
corporate types nervous. While this does not intrinsically bother me in the least, 
we now have a pragmatic interest in converting these people rather than 
thumbing our noses at them. There's now a chance we can make serious gains in 
the mainstream business world without compromising our ideals and 
commitment to technical excellence -- so it's time to reposition. We need a new 
and better label. I brainstormed this with some Silicon Valley fans of Linux the 
day after my meeting with Netscape. We kicked around and discarded several 
alternatives, and we came up with a replacement label we all liked, ‘open 
source’.”   
 
Apart from the success of open source in the computer community, it has been 
expanding to other fields of our society, such as beverages, digital content, heath 
care, government, etc. Particularly, in the beverage industry, OpenCola is a 
typical example. It is an open recipe that contributed and updated by individuals 
voluntarily (available at: http://alfredo.octavio.net/soft_drink_formula.pdf). 
Although this drink was initially intended for a promotion of the success of open 
source, it went beyond that goal and became a consumer product after the 
foundation of the OpenCola Company. Importantly, people say that the flavor of 
this drink is comparable with the one of Coca or Pepsi counterparts, and this 
witnesses the big success of collectively wisdom. 
 
The vitality of open source also demonstrates in the digital content industry. 
Wikipedia (Figure 2.1 a) is common to everyone, and it is an open content based 
website founded by Larry Sanger and Jimmy Wales in 2001 (Miliard, 2008). It 
is based on the wiki technology which indicates to create collaborative websites 
quickly, and adopts an open edit model that everyone could write or update an 
article. Thus, because of this collective wisdom, the number of articles in 
Wikipedia in English have reached almost to 3 million in 2010 (Figure 2.1 b), 
and the number of registered users is nearly 13 million according to its statistics. 
The transition from expert driven encyclopedia to grassroots driven 
encyclopedia makes it a big success either in the number of content pages or in 
the number of registered users. However, this success is suspected by some 
critics for its accuracy and reliability (Sanger, 2004), because there is no strict 
review system before the contents are published. Although the criticism in its 
content, a research conducted by Giles (2005) found that the materials of 

http://alfredo.octavio.net/soft_drink_formula.pdf�
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Wikipedia have almost the same level of accuracy and the similar rate of serious 
errors compared with the Encyclopedia Britannica.   
 
Open source also witnesses its application in health care domain. It prompts the 
establishment of the Tropical Disease Initiative (TDI), which is a non-profit 
community for open source drug discovery. To tackle the problem of low 
percent (not more than one) of newly developed drugs for tropical diseases, the 
TDI aims to build a decentralized, web-based, and collaborative community 
composed of voluntary scientists coming from universities, institutes, 
corporations and hospitals (available at: www.tropicaldisease.org). The 
collective wisdom spurred or contributed by this community has led to some 
drug discoveries in tropical diseases (Orti et al., 2009). This is really the case, 
just as Maurer (2008) said, “Now, suddenly, the open source movement had 
shown that at least one complex invention – computer software – could be 
organized in a completely different way, why not others?” 
 
 
 

 
(a) 

 
(b) 

 
Figure 2.1: Wikipedia demonstration (source: Wikimedia Commons) 

(NOTE: (a) is the logo of Wikipedia; whereas (b) demonstrates growth of the 
articles in English) 

 
 
Herein, this phenomenon is looked from the economic perspective. In the 
economic theory, the goods are classified as two categories, namely 
rivalrousness and excludability. Rivalrous good is the good that can only be 
owned or consumed by one person at one time, such as apple, bread, etc. While 
the excludable good is the good that can only be accessed by people who paid 
for it and cannot be accessed by people who not paid for it, such as a book, a pay 
television subscription, etc (Lindberg, 2008). However, open source is a kind of 
good that is neither rivalrous nor excludable, and it could be regarded as public 
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good coined by Samuelson (1954). The reasons can be drawn from two points. 
Open source can be consumed by anyone without reducing the availability of it 
consumed by others. On the other hand, no one could be excluded from 
consumption for it is free and accessible to anyone. Therefore, as public good, 
open source could benefit the contributors by increasing their confidence and 
improving their own knowledge. And in turn, the contributors will contribute 
more to the open source. Surely, this is a cyclic process which would improve 
both of the open source and the contributors gradually (Figure 2.2), and this is 
why the ingredients of open source could be expanded so fast to other fields. 

 

 
 

Figure 2.2: Demonstration of the relationship between open source and 
contributor 

(NOTE: This figure shows the cyclic process between open source and 
contributor, and this is a positive feedback which means the two parts will grow 

proportionally after each cycle) 
 
 
There is no surprise that the open source goes directly to the geographical 
domain with the increasing number of contributors creating the geographic 
information and sharing them via internet. Particularly, it is accelerated from 
two aspects. One is that ninety-nine percentages of information around us is 
geographic related, and this information is highly associated with our daily life. 
The other one is that the geographic data is conventionally obtained from the 
national mapping agency with high price and low currency. So there is an 
increasing demand on the VGI, which not only provides rich geographic data, 
but also is free and current. Thus, to satisfy these demands, VGI emerges as a 
new type of open source. 
 
 
2.2. Definition of VGI and its features 
Based on the sharp decline on price of the mobile device with a GPS unit and 
the corresponding improvement on accuracy because of the removal of the SA 
policy on GPS signal by US government in 2000, Volunteered Geographic 
Information (VGI) (Goodchild, 2007) is emerging as a power rival competing 
with the commercial giants, such as Google Map, Tele Atlas, etc. VGI is a wiki-
based and voluntary-driven geographic information activity, which is organized 
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in a bottom up way, namely every volunteer playing as a sensor collects the 
geographic data, uploads the data to the central server, edits the data she or he 
collected or collected by others and downloads the data for her or his own use, 
regardless of whether she or he is a GIS professional or amateur. Thus, this 
phenomenon is totally a grassroots movement, just as the description given by 
Goodchild (2007) from the data acquisition and the user motivation perspective, 
 
"A remarkable phenomenon... has become evident in recent months: the 
widespread engagement of large numbers of private citizens, often with little in 
the way of formal qualifications, in the creation of geographic information, a 
function that for centuries has been reserved to official agencies. They are 
largely untrained and their actions are almost always voluntary, and the results 
may or may not be accurate. But collectively, they represent a dramatic 
innovation that will certainly have profound impacts on geographic information 
systems (GIS) and more generally on the discipline of geography and its 
relationship to the general public. I term this volunteered geographic 
information (VGI), a special case of the more general Web phenomenon of user-
generated content..."  
 
This phenomenon is described as the “scaling up of closed loops” by Kuhn 
(2007). A closed loop is also a feedback loop that states the result or 
phenomenon of an event will have an effect on the result or phenomenon of this 
same event in the future. Here, the “scaling up of closed loops” means this 
feedback will enhance the result or phenomenon of the same event in the next 
time, and in other words, we could say it is a positive feedback. Therefore, as a 
“scaling up of closed loops”, VGI could be characterized as the following 
aspects: (1) It has a huge amount of vector or shape data because of thousands of 
intelligent sensors distributed all over the world; (2) It has a rich volume of non 
geometric data or attributes data because of the different views of intelligent 
sensors; (3) The volume of geographic data (shape data combined with its 
attribute data) is increasing fast with the wide spread of internet, and meanwhile 
the accuracy of these geographic data is also improving vastly with the accuracy 
improvement in GPS devices and the raising knowledge among volunteers. 
Although this accuracy is indeed a problem faced by the VGI community, we do 
believe this situation will be better except for the intentional and even malicious 
behavior in contributing the data.   
 
This phenomenon could also be observed as a result from the “informationable 
action” which implies that the knowledge affords to use information in making 
decision and carrying them out as actions (Kuhn, 2007). Basically, it could be 
better described in a driving context. The drivers firstly observe the real street 
network, and then they feedback this observation information to the central 
server, then the central server may accept or reject this voluntary information to 
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make updates. After that, other drivers using the navigation system would 
benefit from this improved road data to make decision in their travel, and 
subsequently they would also contribute to the road database through their 
observation (Figure 2.3). From this point, this term may have the same meaning 
as the “scaling up of closed loops” description, but here it emphasizes on the 
actions executed by the users.  

 

 
 

Figure 2.3: A driving context for demonstrating information action cycle model 
(source: Kuhn, 2007) 

(NOTE: This figure shows the information action loop from the reality through 
information to decision and action) 

 
 
After illustrating this phenomenon from the perspectives of both the control 
theory and the information theory, we could regard VGI as a kind of geographic 
information provided by the volunteers in a wiki-based collaboration. However, 
it is difficult to give an accurate definition because of its complexity. To 
thoroughly understand this phenomenon, we summarize its characteristics as 
following. 
 
Firstly, it is a kind of neogeographic information. The neogeography is defined 
by Turner (2007) with the meaning of new geography. Basically, Turner (2007) 
defined this term on comparison with traditional Geographic Information 
Systems (GIS). In the realm of traditional GIS, a professional cartographer 
might use the software (like ArcGIS or MapInfo), talk about different map 
projections (like Mercator or Miller), and resolve disputes on land area. Whereas 
in the domain of neogeography, a neogeographer maybe use the web mapping 
API (like Google Maps or OpenLayers (available at: www.openlayers.org)), talk 

http://www.openlayers.org/�
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about different file formats for displaying or transferring geographic data via the 
internet (like GML or KML), and create the map in his or her own style for a 
coming journey. Particularly, as Turner (2007) elaborated, “Neogeography is 
about people using and creating their own maps, on their own terms and by 
combining elements of an existing toolset. Neogeography is about sharing 
location information with friends and visitors, helping shape context, and 
conveying understanding through knowledge of place”. 
 
Secondly, it shares the same spirit of open source, namely collective wisdom, 
also known as collective intelligence (Smith, 1994). Collective intelligence is a 
shared or common intelligence formed by the collaboration or competition 
among its individual members. Based on this common intelligence, something 
novel will emerge. Volunteers of geographic information collaborating with 
each other lead to the availability of massive and rich geographic data. For 
example, in Flickr (www.flickr.com), users tag location information to their 
photos according to the rules, and this movement leads to a huge atlas visualized 
on the map. 
  
Thirdly, it is based on the wiki technology, or the web 2.0 technology. Web 1.0 
technology is one directional, and it means that users only receive or retrieve the 
information from the web pages. Contrary to web 1.0 technology, web 2.0 
technology is bi-directional, and allows the users to collaborate and share the 
common information with each other via the internet. Thus, users of VGI could 
(1) upload their own geographic information to web server, (2) download the 
geographic information for their own purpose, (3) even edit the geographic 
information created by others. So this is the reason why it is called as wiki-like. 
 
 
2.3. Issues behind VGI 
With the rapid growth of VGI, some issues are put on our agenda and need to be 
given a good answer. As we all know, it is the common problem faced by any 
new research field or discipline in its beginning. Thus, it is pretty the case for 
VGI community to face these issues. Particularly, these issues include the 
knowledge discovery, data uncertainty or accuracy, human privacy or liability, 
the underlying driven force behind the VGI, etc. 
 
The first issue is about the knowledge discovery from the dynamic and vastly 
increased volunteered geographic data. It addresses its importance with the rapid 
or even near real-time availability of geographic data. Thus, the availability of 
spatial data is not the bottleneck for their application but the discovery, 
interoperability and better analysis (Kuhn, 2007). To uncover the hidden pattern, 
the spatial analysis model has to be designed to be able to handle the mountains 
of volunteered geographic data and process it with high efficiency. On the other 
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hand, this model has to be designed adaptively to meet the dynamic character of 
volunteered geographic data. For example, in a time series analysis, we have a 
very high chance to obtain the spatial data of a certain region from human 
sensors, but we could not expect to acquire the data of the same region at the 
next time. Surely, this is an interesting topic, and special focus will be paid on 
this issue in this thesis. 
 
The second issue concerned is the uncertainty or accuracy issue faced by the 
VGI community. There are mainly two problems around this issue. One is that 
the spatial data collected by the volunteers do not experience strictly quality 
control and go directly to the database. This is different from the traditional 
mapping data production which uses the standard and specification to control 
the quality of geographic data. The other one is even the spatial data is 
considered to be checked, there is no such a valid method to handle this complex 
issue because of the multiplicity of sources and the heterogeneity of amateur 
volunteers. For example, Goodchild (2007) argued that the Google Earth’s 
imagery over the campus of the University of California, Santa Barbara had an 
error of approximately 20 meters east-west for the mis-registration, and 
subsequently any VGI source produced from this imagery would also inherit the 
same error. However, there is some good news on this issue. For example, a 
study conducted by Metzger et al. (2010), showed that the articles of Wikipedia 
would be less bias and more credible if more users or contributors join into this 
community. Therefore, with the same case as Wikipedia, it is no surprise that 
VGI sources would be more credible and reliable on data quality with the 
increasing number of contributors or users (Flanagin and Metzger, 2008). 
 
Human privacy or liability issue is also concerned with rapid growth of VGI. 
Many critics argued that the increasing VGI would threat the individual privacy 
and even the national security (Kuhn, 2007; Elwood, 2010). The privacy of a 
resident is sometimes invaded by the geographic information collected by the 
volunteers with no intention or with ill-intended, say the information of his or 
her apartment. Moreover, the privacy of contributors can also be threatened in 
certain cases. Here, we take a Flickr user for example. The user may upload his 
or her pictures with location information to the server, and this volunteered 
information may expose his or her personal or social environment to the general 
public. This situation would be worsening if this personal information is 
exploited by some advertisement companies, and he or she would be harassed 
by these companies for promoting their products. Thus the best solution would 
be to build the policy to check the information before it is published. However, 
this will restrain the enthusiasm of the volunteer. Therefore, it is really a 
dilemma. 
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The last issue discussed here is around the driven force underlying VGI, or 
exactly like the argument given by Goodchild (2007), “Why do people do this”. 
This issue is an old question discussed a lot in the community of open source 
software, where contributors are attracted to write the free source code in the 
purpose of learning the knowledge to improve them and propelling the whole 
society through the shared knowledge. Thus, it is the same case with respect to 
VGI, and two aspects can be drawn: (1) The altruism spirit is the core driven 
force underlying the open source community, no matter it is open source 
software or VGI, or it is some other kind; (2) It is the inner nature of volunteers, 
namely self-improvement or self-promotion (Goodchild, 2007) and self-
satisfaction, that is driving the prosperity of VGI. Self-improvement improves 
the knowledge or skill of contributors through the collaboration with others, 
while self-satisfaction allows the contributor to exhibit his or her achievement to 
others.  
 
In this section, four issues of VGI are discussed. Starting from the issue of 
knowledge discovery to the issue of data accuracy, and then going from the 
issue of privacy to the driving force underlying this activity, this section 
provides a basic review. Obviously, only the surface of these issues is touched, 
and more investigations are needed to further understand this phenomenon and 
the mechanism underlying it. Importantly, we hope that a theory model would 
be built through collaboration of the whole community under the spirit of open 
source, namely collective wisdom. 
 
 
2.4. Examples of VGI based applications 
It is said that the contemporary web technology (web 2.0) provides the hotbed 
for the growth and prosperity of collective endeavors in location related activity 
among the distributed participants. Participants create their location related 
information, upload it to the web server, and share it with other participants. 
This is the application of VGI source, and this application sparks many 
commercial giants, such as Google Earth, Facebook, WikiMapia, Flickr, 
OpenStreetMap (OSM), etc. Thus, to further understand this phenomenon, some 
successful and typical examples are picked up for a better illustration in this 
section. 
 
As a privately owned online map and satellite service, Wikimapia was founded 
in 2006 by two Russian internet entrepreneurs Alexandre Koriakine and Evgeniy 
Saveliev with the inspiration of Google Maps and Wikipedia (Nick et al., 2008). 
Wikimapia is operated in a wiki-technology based mode with the incorporation 
of Google Map as the main data source. Wikimapia allows users to add and edit 
information to any location on Earth in the form of a note (David, 2007), and it 
also permits non-registered users to add a tag to any place by drawing a polygon 
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around it in its map (Figure 2.4). The content contributors appending to a place 
is not limited to the textual description, but can also be images or embedded 
YouTube videos which will be displayed on the information window of this 
place (Matt, 2007). In addition, Wikimapia provides a series of Application 
Programming Interfaces (APIs) recently to facilitate users to retrieve the 
geotagged information from its database. With the rapid growth since its 
establishment, it now has exactly 13,317,601 marked places in the database. 
This number could be seen from the lower right side of its main homepage 
(available at: www.wikimapia.org), and it is automatically updated whenever 
new places are added by the users. Right now, it has already more than 870,500 
registered users around the whole world, and this number is still increasing in 
spite of its a bit bias user levels and permission rule (available 
at: http://www.wikimapia.org/sys/user_stats/?order=rating&sort=desc). 
 
Wikimapia is unlike Wikipedia, its content do not have a GNU free document 
license and is owned by the Wikimapia. Although it retains the right to impose 
certain fees or usage restrictions at any time (available at: 
http://wikimapia.org/terms_reference.html), it allows its users to use this 
information for free currently. Therefore, Wikimapia is indeed a VGI based 
application, and provides a rich set of geographic information, in spite of there is 
a fierce debate regarding this license issue.  
 

 
 

Figure 2.4: A geotagging demonstration using Wikimapia (source: 
wikimapia.org) 

(NOTE: The highlighted rectangle in the above figure is a newly added place, 
Gävle University in Sweden, geotagged with a location as Latitude 60°40'4"N 

and Longitude 17°7'7"E) 
 
 

http://www.wikimapia.org/sys/user_stats/?order=rating&sort=desc�
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Flickr created by Lucicorp in 2004 and acquired by Yahoo in 2005, is a popular 
website for sharing photographs and videos with rich tagged information by the 
users. Tag means metadata and is data about data. Flickr organizes the photos by 
tags and sets. Tags attached to the photos facilitate the users to search according 
to a certain theme or place name, whereas sets enable the users to manage the 
photos on their theme in a hierarchical way and embed the photos belonging to 
the same set into websites. But sets is not a physical folder, it is a fictive 
hierarchy like a categorical metadata. In addition, it supports the location related 
information, known as geotagged. With this geotagged support, users could 
locate their photos in the map according to the location where they are taken. It 
is said that Flickr has almost 4.5 million registered users and 17 million unique 
visitors per month. The number of all photos reaches up to 230 million, of which 
110 million is geotagged. Importantly, these numbers are still rising with fast 
speed. Although not originally intended as providing geographic information, 
Flickr also contributes tremendous amounts of location related information 
indicating the places where the photos are taken. Thus, with the increasing 
photos, information extracted from the photographs in Flickr can constitute a 
relatively rich VGI resource. 
 
Flickr provides a set of APIs for the programmers. In order to use these APIs, 
programmers have to obtain the application key first. Basically, programmers 
could apply either commercial key or non-commercial key via their Yahoo IDs. 
A commercial key needs more materials to support your application, whereas a 
non-commercial key is only for the personal use or academic purpose. Thus, 
based on the combination of APIs and application key, programmer can 
complete all the tasks did by a common user in Flickr’s website. Moreover, 
these APIs empower the programmers to download all the photos satisfying a 
specific need. For example, a specific case is to download all the geotagged 
photos in a specified region within the given period, and this task could be 
described as the following pseudo-codes: 
 

 
 
Where Flickr is a Flickr object we generated, and the variables in the parameter 
list represent the application key, the specified region and the specified period, 
respectively. The SearchOptions object is used to encapsulate all the conditions 
(parameters) we set and passed to our Flickr object to execute our task. After 
running the above code, all photos satisfying our needs can be obtained. 
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Finally, attention is moved to another important VGI based application, namely 
OpenStreetMap (OSM). It is a project aimed specifically at creating and 
providing free geographic data such as street maps to anyone. However, 
different from the above two applications, OSM is totally free and purely VGI 
based. Thus, we take it as the main data source of this thesis, and thoroughly 
discuss it in the next chapter. 
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Chapter 3 

 

OpenStreetMap (OSM) 

 
 
This chapter introduces the history and development of OSM, and elaborates on 
the components of OSM from the technical perspective in the beginning. After 
that, this chapter describes the whole procedure to collect data, upload data, edit 
data and render data, contributed by the OSM contributor voluntarily. This 
chapter further discusses the data organization and management in OSM, and 
presents some successful applications based on OSM source, followed by 
stressing that using the OSM data to study the urban systems is one of the most 
flexible usages. Finally, based on the organization of the OSM data, the 
procedure to extract the street nodes is demonstrated.  
 
 
3.1. Development and components of OSM 
OSM, started at University College London in 2004 by Steve Coast (Chilton, 
2009), is a project aimed specifically at creating and providing free geographic 
data such as street maps to anyone. The project is started because (1) most maps 
you think of as free actually have legal or technical restrictions on their use, 
holding back people from using them in creative, productive or unexpected 
ways, and (2) the high availability of GPS receivers and the improved accuracy 
of GPS signals motivates people to involve. 
 
For many years, mapping products are the solely achievement of professional 
surveyors and cartographers in national mapping agency. These geographical 
data are usually collected by the national mapping agency in a number of ways, 
such as Geodetic Survey, Aerial Photogrammetry, Remote Sensing, Global 
Positioning System (GPS), and even the advanced measurements, like Light 
Detection and Ranging (LIDAR), etc. Because of the vast territory and the 
relatively long period of data production, the currency of fundamental 
geographic database is far lagging the market needs. It is even worse that people 
have to pay the map agency to obtain the geographic data. This situation is 
pretty true in the US and European countries. In US, you could obtain the basic 
geographic data through the US Census Bureau’s Tiger (Topologically 
Integrated Geographic Encoding and Referencing) Line program, but the details 
are relatively coarse and the currency is comparatively low because of the high 
cost of mapping. For example, these data do not include green space, landmarks, 
and the like (Haklay and Weber, 2008), and the road features do not contain 
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some attribute information such as one-lane or two-lane property. While among 
European countries, this situation is that the price of accurate geographic data is 
so expensive for the common people, small business or community organization 
that they could not afford it (Haklay and Weber, 2008). Besides, it is the same 
case in the commercial companies which rely on the charge to earn a living, 
such as NAVTEQ and Tele Atlas. Therefore, motivated by the belief to provide 
the totally free and detailed geographic data with the opposition to buy the 
charged geographic data, contributors are pleased to involve in the OSM project. 

 

 
 

Figure 3.1: A graph of the trend of OSM users and uploaded points (source: 
Openstreetmap.org) 

(NOTE: The horizontal axis in the figure is the date, and the left vertical axis is 
the number of tracked points, and the right vertical axis is the number of 

registered users; The blue and pink line represent the number of registered users 
and tracked points respectively.) 

 
Along with the demand for free data among the users, there is another important 
factor in promoting this project, namely the technical improvement in GPS 
receivers and the accuracy improvement in GPS measurement. The technical 
improvement in GPS receivers and the advance in telecommunication have 
witnessed the sharp decline of the price on mobile phones with a GPS receiver. 
It is said that a GPS receiver only cost about 100 US dollars in 2001 (Hightower 
and Borriello, 2001), and this trend is still going downward. Apart from the 
decline of GPS receiver price, the accuracy of GPS measurement has also been 
greatly improved from the rough 100 meters to about 6 meters in normal 
condition with the removal of the selective availability policy (SA policy) by US 
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government (Haklay and Weber, 2008). Thus, the technological change over the 
past years has enabled a common resident even without a university-level degree 
or amateur to engage in the work of mapping his or her surrounding 
environment.  
 
With the motivations from the above two aspects and by adopting a wiki-based 
(web 2.0) technology, OSM is evolving in a rapid speed both in the number of 
registered users and the volume of geographic information. It is reported that 
OSM has about 33,000 registered users in 2008 (Haklay and Weber, 2008), but 
now this number is almost 10 times more than the previous one, say 300,000. 
We could observe this change from Figure 3.1, and it shows that the number of 
registered users has increased steeply from 2009 to 2010. Besides, the volume of 
geographic data contributed by the users is also increased in a fast speed. In 
particular, an on line statistic shows that the total number of uploaded GPS point 
is almost 1,954,119,228, the total number of nodes is almost 773,279,821, the 
total number of ways is almost 63,760,753 and the total number of relations is 
almost 727,391 (available 
at: http://www.openstreetmap.org/stats/data_stats.html). This dramatic change 
could be observed from Figure 3.2. 

 

 
 

Figure 3.2: A graph of the trend of the volume of OSM geographic data in terms 
of nodes, ways and relations (source: Openstreetmap.org) 

(NOTE: The horizontal axis in the figure is the date, and the vertical axis is the 
accumulative number of nodes, ways or relations; The pink, cyan, and red line 

represent the number of nodes, ways and relations respectively.) 

http://www.openstreetmap.org/stats/data_stats.html�
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Figure 3.3: Overview of OSM workflow (source: Openstreetmap.org) 
(NOTE: This figure shows the four components of OSM from the technological 

perspective, namely backend database, map editing software, map rendering 
software and main website) 

 
 
From the technological perspective, OSM is mainly composed of four parts, 
namely backend database, map editing software, map rendering software and the 
main website (available 
at: http://wiki.openstreetmap.org/wiki/Component_Overview). The backend 
database used in OSM is PostgreSQL, which is mainly composed of two kinds 
of tables, master table and current table. The master table holds all the previous 
edit versions, whereas the current table only stores the latest version for drawing 
the map. The editing software includes Java OSM Editor (JOSM), Potlatch, 
Merkaator, etc. JOSM is targeted for experienced contributors, and it resembles 
a traditional GIS package and provides advanced functions like linking OSM 
features to photos or audios, supporting data conflicting solution and could be 
extended by third party plug-ins (Haklay and Weber, 2008). Compared with 
JOSM, Potlatch is a light-weight flash based on-line editor, and could be used 
for the beginners. The rendering software is Mapnik or Tiles@Home. Mapnik is 
an open source library for generating high-quality map tiles, and it uses a weekly 
database dump as the data source for the rendering of map tiles for all zoom 
levels (Haklay and Weber, 2008). However, it is a time consuming job if 
considering the weekly update of the OSM data of the entire world. On the 
contrary, the Tiles@Home rendering system is developed as a distributed 

http://wiki.openstreetmap.org/wiki/Component_Overview�
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rendering system, which comprises a central coordinating server and over 100 
software clients. This distributed rendering system renders number of map tiles 
in nearly real time. The last component is the front website which is based on 
the open source AJAX library OpenLayers to display the “Slippy map”. This 
website not only provides the interactivity with the map like zoom in, pan, etc., 
but also enables the users to search a place or some like based on external web 
service. Besides, a bit to note is that the communication between the database 
and the software is based on the RESTful API, which accepts or outputs data in 
the OSM XML format.  
 
As shown in Figure 3.3., this entire workflow for OSM can be depicted as: the 
users firstly collect the data in a GPX format or some like, and then they edit 
these geographic data either using the on-line Potlatch editing software or the 
advanced off-line JOSM editing software; After the editing, they upload the data 
to the database via the RESTful API; Then, the database will send the 
geographic data every one week to the rendering system either Mapnik or 
Tiles@Home. Once the rendering system receives the OSM data, it will output 
the geographic data into map tiles with the specified map style and store them in 
the tile server; and finally the “slippy map” will be displayed on the website 
based on the OpenLayers library. 
 
 
3.2. Contributions to OSM 
Having seen the rapid development and fundamental components of OSM, the 
procedure of contributing to OSM as a volunteer will be introduced in this 
section. OSM attracts thousands of volunteers all over the world to engage in 
this project, as Coast (GISPro, 2007) emphasized the importance of social 
collaboration: “A big aspect of getting OSM off the ground was the mapping 
parties: getting drunk and arguing with people”. However, Contributing to OSM 
is still a challenge faced by the OSM community, and the participation 
inequality is the common problem among all open source projects (Nielsen, 
2006). In practice, only a few users contribute to the OSM frequently and 
significantly. For example, many areas in a place are mapped by a single user. 
So there is no surprise to conclude that, as the situation on Wikipedia, the 
number of users who don’t contribute any information to the map might up to 
99.8 percent, and only 0.1 percent of the registered users contribute a significant 
amount of data to OSM (Haklay and Weber, 2008). The reason maybe 
multifaceted, but the primary one may be due to the complexity of adding or 
updating data to OSM, or in other words, they could not understand the 
procedure on engaging in this job. Therefore, we would like to describe the 
basic and simple process in this section (Figure 3.4).  
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Figure 3.4: A demonstration of five-step progress to contribute to OSM (source: 
Openstreemap.org). 

 
 

The first step is to gather data. There are several ways to perform this task, such 
as GPS based field surveying, satellite imagery or paper map based digitizing, 
local knowledge contribution, converting already existed data to map, etc. 
Basically, GPS is currently the most common way of gathering data for OSM, 
and is often preferred or even essential for collecting the initial geometry of 
landmarks, roads, paths and other ways. Importantly, you should make sure that 
your GPS unit has the “Snap to road” or “Lock on road” option switch off in 
case of recording copies of road points of your GPS’s inner map which is 
copyrighted. What’s more, you should also add the corresponding attributes to 
your record, such as street name, land mark name, etc. Besides, Yahoo! imagery, 
Landsat imagery, NPE maps, or other outdated paper maps can be digitized as a 
contribution to OSM. This is especially important for some developing countries 
where the contributors do not have a GPS receiver. However, this is a time 
consuming job which might introduce the unavoidable errors owing to the 
uncertainty on the imagery and the arbitrariness on contributors. Another easy 
way for users to gather data is via the local knowledge contribution which could 
add the blank information, such as the street names, to the existed features, or 
update erroneous place names of the features. 
 
The next step is to upload the collected GPS data to the OSM database. This is 
usually accomplished by taking two sub steps. The first one is to convert the 
data into a GPX format. If your GPS receiver provides this format as the default 
format, then save it directly, or if this format is not available in your receiver, 
then you have to convert it using converter software, such as GPSBabel. After 
that, you can upload your GPX file to the site’s database with your registered 
account, so that other users could use these data in the future. This is useful for 
further justifying the quality and improving the accuracy of these data. 
 
Once you upload the data to the OSM database, then you can help to edit the 
data on-line or download it into your local computer. To edit the data on-line, 
you should resort to the Potlatch software which is useful for digitization from 
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satellite imagery or mapping large area. Potlatch is located in the ‘Edit’ tab of 
the main website and targeted for beginners. Another editor software is JOSM, 
which is a java-based package installed in your local computer and targeted for 
advanced users. To do this job, you should download the OSM data within a 
certain region from the website using this software at first. Then, you can add, 
update or delete the spatial features locally in your computer. Furthermore, to 
facilitate the complex editing task, JOSM can be extended to provide more 
complex functions with plug-ins.  
 
Followed by the edition on geometric data, here we describe the edition on 
attribute data. Attributes are represented as key-value tags in OSM. Tags are a 
kind of metadata, and they provide the information for depicting the spatial 
features. An important reason to add tags is that the rendering system could 
draw a fascinating map according to the tags you specified. There are mainly 
four kinds of tags, namely element tags, pre-defined tags, tweaking tags and 
rendering tags. Different tags can be used for different data elements, such as 
node, way and relation. However, we do not deeply discuss the tagging schema 
here, because it is a fundamental component of OSM data structure which will 
be examined in the next section.  
  
Until now, the features have been edited in both geometry and attribute 
(tagging). To see the changes we have made, we have to render the map in this 
step with the appropriate software. Currently, depending on the on-line editing 
mode or the off-line editing mode, two ways can be used to render the map. If 
you are editing in an on-line mode, then you can directly switch to the view tab 
in the main website and choose either the Mapnik or the Osmarender rendering 
system. As elaborated in the first part, the Osmarender is a distributed rendering 
system, so the rendering speed is faster than the one based on Mapnik. On the 
other hand, if you are editing in your local computer, you have three optional 
rendering systems, namely Kosmos, Osmarender and Mapnik. Kosmos is the 
easiest rendering platform installed on the local computer, and Osmarender is a 
rendering platform based on Extensible Style Sheet Transformation (XSLT) that 
can create Scalable Vector Graphics (SVG) directly. While the Mapnik 
rendering platform is the most complicated one used for rendering the main 
“slippy map” layer of OSM (available at: http://trac.mapnik.org/). 
 
 
3.3. Format and usage of OSM data 
To understand the OSM data structure, this section examines the data 
organization and management in OSM, and presents some applications based on 
OSM source. Basically, the development of geographic data organization has 
experienced a long history, from the file based management to the relation based 
database management, and to the now emerging object oriented database 
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(OODB) management. The file based management is organized via three files, 
namely the shape file, the attribute file and the index file, among which the 
index file is used to quickly retrieve the shape record in the shape file and build 
the relationship (one to one relationship) between the shape and attribute of a 
feature. In other words, a record in the index file could help quickly find the 
corresponding shape in the shape file and attribute in the attribute file (Figure 
3.5 a). For example, ESRI’s shapefile is based on this data model. The relation 
based database model manages the shape and attribute of a feature in the same 
database. However, shape and attribute of a feature can be stored in the same 
table with a field called big block storing the shape in a binary way, or they can 
be stored in different tables via the index association (Figure 3.5 b). The last 
data model OODM is still now under research and is said to be the best solution 
to manage the spatial data and attribute data seamlessly (Figure 3.5 c). It 
organizes the data records as objects and supports the inheritance of classes, and 
it further provides the complex functions among the objects. OODM can 
accelerate the search speed in the database because the object is indexed by its 
pointers. Therefore, our geographic world could be modeled well based on the 
OODM. The entity in real world is represented as an object in the OODM 
database, which stores the shape and attribute information as its property and 
provides the methods for specific manipulation. For example, a creek entity can 
be modeled as a creek class which inherits from the river class, and it supports 
the spatial operations with other objects. 

 

 
 

Figure 3.5: A demonstration of the GIS data management model 
(NOTE: (a) represents the file based management model; (b) represents the 

relational database management model; and (c) represents the object oriented 
database management model) 

 
 

Herein, OSM adopts a tag based or key-value pair based data model to manage 
the spatial data and attribute data seamlessly. This novel data model is based on 
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taxonomy of the entities of the complex real world, and it allows the abstract or 
virtual decomposition of the real-world. Interestingly, this virtual decomposition 
among all the real-world entities mimics the advantages of object oriented 
model, but drops the complicated implementation of object oriented model. 
Basically, the geographic entity is composed of two elements in OSM dataset, 
namely location and tag. Location is the geometric information of real-world 
entity, while tag is the property information of real-world entity. Based on the 
tag schema, the entities of the real-world are virtually decomposed to form a 
hierarchy structure, like relationship of the super class and the sub class in object 
oriented model. This can be explored from two perspectives. (1) If we look at it 
from the key perspective, then the set of entities with the same key belong to the 
same class and the hierarchy of the key leads to the hierarchy of super class and 
the sub class of entities. For example, the entities with the key equaling highway 
form a highway class and the entities with the key equaling way form the way 
class. Obviously, the latter class is the super class of the former class. (2) If we 
observe it from the value perspective, then the set of entities with the same key 
but the different value constitute the different sub classes of the same super 
class. For example, the entities with the key equaling way but the value equaling 
highway is a highway sub class of way class, whereas the entities with the key 
equaling way but the value equaling railway is a railway sub class of way class. 
In other words, OSM stores the atomic type of the real-world entity as its basic 
element, and this basic element could not be further decomposed. Surely, this 
organization is almost like the sets management in Flickr mentioned in the 
above section, which is like a virtual folder to manage the data. 
 
In practice, OSM data structure is composed of three fundamental elements, 
namely node, way and relation (Figure 3.6). Node is the dot that is used to mark 
specific location (such as a post box) or for comprising way. For example, a 
node maybe the point of interesting (POI) like city mall. Way is an ordered list 
of nodes which are referenced by ids and displayed as connecting line segments. 
Way is composed of non-closed way and closed way two sub types. Non-closed 
way is used to describe road, path etc, whereas closed way is used to describe 
areas like parks, lakes or islands, etc. The last element is relation which is an 
ordered list of ways associated with each other. Relation references the ways by 
their ids, and it is used to describe the role of each way played in the complex 
physical entity, such as the things like cycling routes, turn restrictions and areas 
with holes (available at: 
http://wiki.openstreetmap.org/wiki/Beginners_Guide_1.3). 
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Figure 3.6: A demonstration for the node, way and relation 
(NOTE: This figure demonstrates the three fundamental elements of OSM, 

namely node, way and relation, and way is further divided into two sub types, 
non-closed way and closed way.) 

 
 

Based on the OSM data structure, the entities of the real-world are stored in 
geodata tables of the OSM’s central database which is implemented by MySQL. 
The database schema is designed to support wiki behaviors, such as versioning 
and rollbacks, and keeps copies of modified or deleted features indefinitely 
(Haklay and Weber, 2008). As elaborated before, the geodata table is composed 
of master table and current table (Figure 3.7). The master table stores the entire 
historical edition (versions) of the features, whereas the current table only stores 
the latest data for the drawing purpose. Besides, the geometry of all 
geographical features are organized as points with latitude and longitude 
coordinates combined with user name and timestamp information, and are stored 
in the nodes table (Figure 3.7b or 3.7d). The linear feature and simple polygon 
feature are represented as the way element by reference to a list of ordered 
nodes, and complex polygon features are represented as the relation element by 
reference to a list of ordered ways. Apart from the shape information of real 
world features stored as tables in OSM database, the attributes of these features 
are also stored in the k and v field of the tag tables, such as node-tag table, way-
tag-table and relation-tag table (Figure 3.7a or 3.7c). Thus, this organization 
only stores the location information in the nodes table, which avoids the storage 
redundancy of location data and keeps the topology of entities consistency when 
updating or modifying.  
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Figure 3.7: A demonstration of OSM database schema in the node case 
(NOTE: The current table is composed of (a) and (b); The master table is 

composed of (c) and (d); The location information is only stored in nodes table 
(b) or current_nodes table (d); The attribute information is stored in the k field 

and v field in current_node_tags table (a) or node_tags table (c))  
 
 

Besides, the OSM database does not impose any limitation on the tags 
contributed by the users, and this benefits the users by allowing them to 
implement their own tagging schema freely. It finally leads to the diversity of 
the database content. However, it is suggested that keeping the conventional 
key-value pairs is a good habit to contribute. And the beginners could get some 
help on the tagging skill from the editing software. After all, this tagging 
schema, which is increasingly being incorporated into a complex taxonomy of 
real world feature classes and objects, is a core part of the OSM initiative and is 
community-driven (Haklay and Weber, 2008).  

 
After discussing the inner structure and organization of OSM database, this 
section now moves to the increasing usages or applications based on OSM 
source. The applications based on OSM source could be divided into the 
following categories according to the specific task. The easiest option to use the 
OSM map is to download the map image specified in a certain region for the 
purpose of making static print media. A relative easy way to use OSM source is 
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to embed the map on the website using the iFrame based solution provided by 
Google Map, but it requires a little technical knowledge to accomplish your task. 
Deploying the map to the website using the JavaScript is a bit difficult usage 
which requires some web programming knowledge. However, this is a relatively 
flexible usage of OSM source because it allows you to implement some 
interactive functionality with the base map. For example, a most popular one we 
are used to using is OpenLayers, which is an open source JavaScript library. 
This library is used to display the “slippy map” on the OSM website, because it 
implements a JavaScript API for building rich web-based geographic 
information applications. Based on OpenLayers, you could display map tiles and 
markers loaded from any resource, and finally you could mash up a website 
providing the location related service, such as routing service. The most flexible 
way to use OSM source perhaps may be to create a complete new map to serve 
your needs. This is the most difficult application compared with the above ones, 
because it requires more specialized technical knowledge and additional 
software or hardware to support the map. A typical example employing this 
usage is the cycling maps created from OSM data (available at: 
http://www.opencyclemap.org), which shows the international cycling networks. 
In this respect, the whole map has to be rendered to exaggerate some important 
geographic features or to eliminate some unimportant geographic features, 
because different geographic features have different effects on the cycling.  
 
And finally, extracting the raw geographic data from the OSM database for data 
mining or knowledge discovery is also one of the most difficult applications. 
This kind of geographic data is extremely appropriate for the study on urban 
systems, because they contain a rich set of attribution information and a huge 
amount of geographic data. However, because of the complexity and 
multifaceted of OSM source, our emphasis will be focused on only these 
geographic entities related to our study. For example, a street network researcher 
would like to study the highway features in the OSM source, an urban planning 
researcher would be more likely to extract the urban extent or something like. 
Therefore, to meet our special needs, we extract the street nodes as our dataset to 
study the urban related issues in this thesis. And the process to extract the street 
nodes will be presented in the following section. 
 
 
3.4. Street nodes extraction 
Street junctions are the intersection points in the street networks, whereas street 
nodes defined in this thesis not only include the street junctions, but also contain 
the originals and destinations of streets. However, street nodes used here should 
avoid the following cases. Firstly, the intersection point of the highway bridge 
and the underlying highway should be excluded, which is shown as the red dot 
in Figure 3.8. Secondly, the link way which links the lower level street 
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(secondary highway) to the higher level street (primary highway) should be 
avoided, as you can see the green dashed line shown in Figure 3.8. Finally, the 
intersection points (traffic circle) of the roundabout that directs the road traffic 
to one direction around a central island and the connected highways are 
dropped, which are shown as blue rectangle in Figure 3.8. Thus, the street nodes 
in this thesis are a bit different from the street junctions, and they are usually the 
turning points for residents accessing their houses (as shown the yellow triangle 
in Figure 3.8). And hence, we believe that street nodes reflect a true image of 
human activities.  
 

 
 

Figure 3.8: A fictive street network illustrates the cases in the street nodes 
extraction. 

(NOTE: The red dot denotes the intersection point between highway bridge and 
the underlying highway in case one; The dashed green line is the link way 

between two different level streets in case two; The blue rectangle represents the 
intersection point of the roundabout and the highway in case three; And finally, 

the yellow triangle is the street node used in this study) 
 
 

OSM data downloaded with the RESTful API is an xml-based file (Figure 3.9) 
which is sequentially organized. Basically, the node information is placed at the 
beginning of the file, and then follows the way information, and then the relation 
information. Thus, reading the file sequentially is a necessity to extract the street 
nodes. This job is accomplished in our program by taking two steps, namely 
street node id information extracting and location information pinpointing.  
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Figure 3.9: Overview of OSM data snippet 
 
 

The program extracts the node information of the way satisfying our needs 
(highway), and writes the nodes information (node id, node degree and end-
point-flag) to several files in an ascending sequence according to node id. This 
procedure could be demonstrated in both Figure 3.10 and Figure 3.11. The 
ExtractSteetnodeID method of StreetNodeExtractor class in Figure 3.10 is 
implemented to execute this task in the program, whereas the detailed work flow 
of this process can be observed from the chart flow in Figure 3.11. A bit to note 
is that we only write the nodes information of a maximum number of ways 
(known as threshold in our program) to a file, in other words, a new file will be 
created once the number of ways exceed the maximum number. This is a 
method of batch processing. It delineates the entire data file into several pieces, 
and each piece could be treated the same way. Therefore, this batch processing 
allows the program to handle the data file regardless of its size, and it is 
especially useful for the data file with extremely large size, say the OSM source 
of the entire world. 
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Figure 3.10: An overview of the street node extraction from the class 
perspective 

(NOTE: The class StreetNodeExtractor provides two methods to meet the two 
steps to extract the street nodes; The StreetNode class is implemented to store 

the street node information) 
 
 

The second step is to pinpoint the location information based on the node files 
generated in the first step. As a batch procession, our program reads each data 
file sequentially and the entire data files synchronously. In other words, once a 
node is read from the data file as the current node, the program searches the 
candidates in other data files with the same id as the one of current node. This is 
done by moving the pointers of each data file to the record with the node id 
equal or greater than the one of current node synchronously. After that, the 
degree value of the current node can be obtained by summing the degree values 
of all the candidates (the same way for obtaining end-points-flag value). In this 
way, the three cases mentioned before could be avoided by combining the node 
information with the highway filter process. This step is demonstrated in both 
Figure 3.10 and Figure 3.12. 
 
In this section, a batch procedure to extract the street nodes as our main dataset 
is presented. However, compared with traditional line-line intersection based 
method to extract the street nodes, our method demonstrates two advantages: (1) 
the size of the data file could be extremely large; (2) the time efficiency is 
dramatically improved. 
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Figure 3.11: Work flow of street node id information extracting 
(NOTE: this figure shows the work flow of the process to extract node id 

information of highway; this procedure is a batch process regardless of data file 
size) 
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Figure 3.12: Work flow of street node location information pinpointing 
(NOTE: this figure shows the work flow of the process to pinpoint the location 
information; the whole procedure is a batch process regardless of data file size) 
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Chapter 4 

 

Scaling properties of natural cities 

[This chapter is based on paper: Zipf’s law for all the natural cities in the 
United States: A geospatial perspective (Jiang B. and Jia T., 2011), accepted 
for publication in International Journal of Geographical Information Science] 
 
 
In this chapter, street nodes are adopted to examine one issue in urban systems. 
Issues in urban systems have been investigated extensively in the literature 
(Molotch, 1976; Krugman, 1996; Brenner, 1999; Burgess, 2008). Among these 
issues, the most attractive one is to study the city size distribution. The city size 
could be the city extent, city population, or something like. Based on different 
definitions of city, different city sizes could be derived, and then different 
conclusions could be drawn. Thus, the definition of city is sensitive to the final 
result. Here, the natural cites agglomerated from street nodes are employed to 
examine this issue in this study. Importantly, this city definition is totally 
different from the previous studies which rely on census data, statistical 
materials or satellite imagery. Based on this definition, this chapter presents 
some findings on the city size distribution which is based on our previous study 
(Jiang and Jia, 2011). 
 
 
4.1. Issues in city size research 
A research conducted by ranking the population size of the cities all over the 
world found that if taking a natural logarithm of both the rank and the 
population size, a remarkable linear pattern would be shown in the plot. And if 
further measuring the slope of this line, the slope value would be close to 1. This 
phenomenon is conventionally called rank-size rule or Zipf’s law. In other 
words, this rank-size distribution could be said to follow a Power law 
distribution, or a Pareto distribution, since they are in essence the same thing 
which will be discussed in the following section. Particularly, many natural 
phenomenon or man-made artifacts demonstrate the same rule, such as the 
distribution of particle size (say, sand), frequency of word usage, the wealth 
distribution of the society, etc. In the case of city population in a country, the 
distribution could be characterized by a few large cities and many small cities 
with size related to the largest one. For example, the rank 1 largest city would 
have three times the population of the rank 3 city. Even in the mathematic 
formula, we could find the similar phenomenon, such as the Fibonacci sequence 
which defines an array of numbers with the first two number as 0 and 1, and 
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each subsequent number is the sum of the previous two. In Fibonacci sequence, 
it exhibits the same rank-size property by each number is exactly 1.618 (known 
as Golden ration) times of the preceding one. Therefore, two fundamental 
questions need our further investigation. One question is why so simple rank-
size rule could predict the distribution of complex phenomenon, in other words, 
what is the underlying mechanism of the Zipf’s law. And the other one is, as far 
as city size is concerned, whether Zipf’s law holds stably on the distribution of 
all the city sizes without any truncates (e.g. only a few largest cities are 
examined), or whether Zipf’s law holds well for cities regardless of the 
geographic scale, say cities within different regions. 
 
The first issue is around the mechanism of the rank-size rule, or simply why this 
simple rule works in the complex phenomenon (Cordoba, 2008). This is an 
intriguing and challenging topic. Explanations around this issue could come 
from many perspectives. Economic models strengthen the feedbacks between 
economy and city sizes, and state that the increasing developed area attracts 
more returns like people or goods, whereas these increasing returns stimulate the 
further increase in city size (Krugman, 1996; Manrubia et al., 1999). Statistic 
physicists try to explain this rule from the statistic property perspective, for 
example, some research are based on autocatalytic processes (Malcai et al., 
1999), some others are relied on self-organized criticality (Bak et al., 1987), etc. 
Particularly, a recent research shows that the amazing regularity exhibited by 
Zipf’s law is in fact an inevitable outcome of the stochastic process (Murtra and 
Sole, 2010). After all, this issue is revived in recent years with the increasing 
phenomenon found obeying the simple rank-size rule. 
 
The second issue is to examine whether Zipf’s law holds well for all the cities 
without truncations in city size, or even without the limitation of geographic 
scale such as, different regions. Well, many researches show that metropolitan 
area of United States fits well to the Power law distribution with scaling 
parameter close to two, but the commonly held opinion is that there is still lack a 
consensus on this assumption. For example, the city size distribution of 44 
countries studied by Rosen in 1970 found that the average scaling parameter of 
Zipf’s law was about 1.13. Although this scaling parameter was different from 
country to country, they were all within the range between 0.8 and 1.5 (Rosen 
and Resnick, 1980). Besides, some other researchers argued that the Zipf’s law 
only holding well for the upper tail of the city size, or for the largest cities. For 
example, a research conducted by Dobkins and Ioannides (2000) found that the 
scaling parameter of Zipf’s law for the upper one-half of the metropolitan area, 
totally 167 metro areas of US in 1990, was nearly 0.993. This estimation is 
conformed to some other estimations of Zipf’s Law, such as the research 
conducted by Gabaix (1999) using the 135 largest metropolitan area in 1991 
which reported the scaling parameter value closing to 1.005, etc. On the other 
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hand, a few researchers suggest that the size distribution of cities follows 
alternative distributions (e.g. lognormal distributions, stretched exponential 
distributions) other than a power law or Zipf’s law (Laherrere and Sornette, 
1998; Gabaix and Ioannides, 2004; Batty, 2006; Benguigui and Blumenfeld, 
2007) 
 
However, the most important problem in the second issue is related to the 
definition of city size, or simply city boundary. Most of the researches 
examining the city size distribution are relied on the Metropolitan statistic area 
or Census data (Eeckhout, 2004; Chen, 2010), or even the satellite imagery 
(Sutton et al., 1997). It is known that city defined in this conventional way is 
criticized for being subjective or even arbitrary owing to the administrative 
constraints or the error from the imagery. As illustrated by Jiang (Jiang and Jia, 
2011), 
 
“Not all people live in these “cities”. This is because some places are excluded 
from being census places due to state legislate. According to the US 2000 census 
data, only 80% of the entire USA population lived in the 276 metropolitan areas, 
while only 74% live in the 25,359 census places.” 
 
Although the difficulties associated with defining the city size, many methods 
have been proposed to tackle this problem recently. For example, a city is 
defined as individual cells within six-by-six-mile grids, and the city size is 
measured by the population of the populated sites within the grid city boundaries 
(Holmes and Lee, 2009). Another method based on the city clustering algorithm 
(CCA) is proposed by Rozenfeld et al. (2009), which generates the city 
boundary through an iterative process of clustering population sites within a 
specified distance, known as resolution, to an agglomerated bulk. These recent 
efforts drop the arbitrary character of city definitions imposed by the 
administrative, but they still rely on the population data in terms of populated 
sites (from the census data) for defining or deriving city boundaries. In fact, 
these populated sites are individual locations representing census tract codes 
which itself is arbitrary. Thus, the city boundaries derived by these new 
approaches might sound more reasonable, but they still suffer from the same 
problem, i.e., not all population concentrations are counted (Jiang and Jia, 
2011). 
 
In this chapter, all the cities are derived, even the one person village which is 
said to be the smallest settlement in US. Particularly, the cities defined here are 
based on street nodes without incorporating any census information, such as 
urban area or population. We give the name of this kind of city as natural city 
because of the bottom up character of the adopted definition. Furthermore, the 
definition of the natural city is based on the fact that human activities are 
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constrained to streets – no streets no human activity, or alternatively no street 
nodes no residential places or cities. Based on this, we derive all places from the 
largest metropolitan area with million residents to the smallest village with only 
one person. This is practically possible, since the smallest village must have at 
least one street junction or street end. Without incorporating any census 
information, our approach shows little bias imposed by the census data (Jiang 
and Jia, 2011). 
 
 
4.2. Long tail distribution: Power law, Pareto law and Zipf’s law 
Long tail distribution is typically characterized as a distribution where quantities 
with extreme high size dominate the head of the distribution and quantities with 
small size rest within the long tail (see Figure 4.1 a). This distribution could be 
also observed from the probability distribution function (PDF) that quantities 
with small size occur frequently and quantities with extreme large size occur 
rarely (see Figure 4.1 b). Obviously, this distribution is different from the 
normal or Gaussian distribution where the phenomena could be characterized by 
one or several values, such as mean, standard deviation, etc. For example, we 
could say that the mean height of an adult male American is about 180 cm tall 
because no one deviates very far from this size (Clauset et al., 2009). On the 
contrary, there is no such a typical value to describe the quantities obeying long 
tail distribution, and what we could use to describe the system is that there are 
few large quantities but many small ones. Basically, many phenomena in 
geographic environment or urban systems appear to obey the long tail 
distribution, such as the earthquake magnitudes, the population of cities in the 
United States, the intensities of solar flares, the number of hits on web sites form 
AOL users, etc (Clauset et al., 2009).  
 
 

 
(a) 

 
(b) 

 
Figure 4.1: A demonstration of long tail distribution from two perspectives 

(NOTE: (a) looks it from the rank-size perspective; whereas (b) looks it from the 
perspective of the phenomenon occurrence) 
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Long tail distribution includes many family members, such as Power law, Pareto 
law, Zipf’s law, Log normal, etc. However, this chapter puts the emphasis on the 
three important yet confusing distributions, namely Power law, Pareto law and 
Zipf’s law. Power law distribution describes the relationship between two 
quantities, which states that one quantity varies as a power of another quantity, 
or more specifically, the number or frequency of the phenomena varies as a 
power of the size of the phenomena. For example, if the frequency of the 
earthquake magnitude varies as a power of the earthquake magnitude, then we 
could conclude the earthquake magnitude follows a power law distribution. 
Surely, this is a rough definition, and power law distribution can be expressed 
accurately in the following equation, 
 

p(𝑥) = 𝛼−1
x𝑚𝑖𝑛

 ( 𝑥
x𝑚𝑖𝑛

)−α, for x ≥ x𝑚𝑖𝑛                                                                       [1]                                                                      
 
Where xmin is the minimum value of x obeying this distribution, x is some 
quantity, and α is the Power law scaling parameter.  
 
Pareto distribution is usually said to be the same form as a cumulative power 
law distribution. It is named after a famous Italian economist Vilfredo Pareto, 
who studied the distribution of wealth among individuals and found that a larger 
portion of the wealth was in the hand of a smaller number of people, whereas 
only a smaller part of the wealth was owned by a larger number of people. This 
phenomenon is also known as Pareto principle or “80/20 rule”, which states that 
20 percent of the people own almost 80 percent of the wealth. Basically, Pareto 
distribution considers the probability that the quantity equal or greater than a 
specified quantity, or the number of events equal or greater than x is an inverse 
power of x (Adamic, 2002). It could be formulated as, 
                       
Pr(𝑋 ≥ 𝑥) = (x/x𝑚𝑖𝑛)−k, for x ≥ x𝑚𝑖𝑛                                                                 [2]                                                                            
 
Where xmin is the minimum value of x obeying this distribution, x is some event 
or quantity, and k is the Pareto parameter. 
 
The last distribution elaborated here is Zipf’s law named after the linguist 
George Kingsley Zipf, who studied the frequency of word appearance in a given 
corpus of natural language utterances. He found that the frequency of a word 
appearance was inversely proportional to its rank in the frequency sorted table. 
For example, in a test on the word occurrence frequency of Brown corpus, the 
most frequent occurring word is “the” with a probability nearly 7%, and the 
second most frequent occurring word is “of” with a probability nearly 3.5%, 
then followed by “and” with a rough probability 2.8%. This test is true to Zipf’s 
law for the occurring probability of first rank word is almost two times the one 
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of the second rank and third times of the one of the third rank, etc. Specifically, 
if we apply this distribution model to the city size, then we could conclude that 
the size of the first rank city is almost two times of the one of the second rank 
city, and three times of the one of the third rank city. Thus, this law gets its 
another name called rank-size rule, and it can be expressed as, 
 
𝑠 = 𝑟−b, for b is close to 1                                                                                        [3]                                                                                           
 
Where r is the rank of the phenomenon, b is the Zipf’s scaling parameter with 
value close to 1, and s is the size of the phenomenon. For example, it is clear 
that those cities with rank r as 1, 2, 3, 4, etc, would have a corresponding size s 
as 1, 1/2, 1/3, 1/4, etc. 
 
The above three distribution models seem a different story with each other, but, 
in fact, they have the same root yet with different perspectives. As elaborated 
above, the Pareto distribution is cumulative representation of the Power law 
distribution, and the Pareto parameter k equals the Power law scaling parameter 
α minus one, namely k = α – 1. Besides, the relationship between the Pareto law 
and the Zipf’s law can be built if expressing the rank distribution in a proper 
way. For example, the phrase “the r th largest city with a size of s” has the same 
meaning with the expression like “the number of cities with size equal or greater 
than s is r” (Adamic, 2002). It is obvious that the latter expression is the exact 
definition of Pareto distribution, and the only difference between the two 
distributions is that the x and y axes are flipped as we demonstrated in Figure 
4.1. The r is on the x-axis and s is on the y-axis for the Zipf’s law, whereas the s 
is on the x-axis and pr (the same meaning with r) is on the y-axis in the case of 
Pareto distribution. Furthermore, if exchanging the position of independent 
variable (r) and dependent variable (s), then a new formula would be expressed 
as, 
 
𝑟 = 𝑠−1/b, for b is close to 1                                                                                     [4]                                                                                       
 
Where this equation is derived from the Zipf’s equation with the axes inverted, 
and it has the same meaning with the Pareto law. Until now, we could conclude 
that the Pareto parameter k equals the inverse of Zipf’s scaling parameter b, 
namely k = 1 / b.  
 
Therefore, the three distributions are actually the same thing but looked from 
different perspectives. Their relationship could be obtained from the above 
illustration, like α = k + 1 = (1 / b) + 1. Particularly, if the empirical data follows 
a Power law distribution with scaling parameter α nearly 2, then we could 
conclude that this empirical data also obeys the Zipf’s law. In the same case, if 
this power law distribution has scaling parameter not close to 2, then we could 
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also say that the empirical data obeys the Pareto distribution. Thus, Power law 
distribution is also a Pareto distribution, but if the scaling parameter closes to 2, 
then we could say that the distribution is a Zipf’s distribution too. 
 
In this chapter, the empirical data (natural city) is fitted to the power law model 
firstly, and if power law model does not describe the empirical data well, then 
the other models are considered, such as log normal, stretched exponential, and 
so on. To detect if a series of empirical data follows a power law, several 
methods could be resorted to. The most straightforward method is to make a 
histogram for the data, and plot the equation 1 in log-log axes, as we could see 
from the following equation, 
 
Log(p(𝑥)) = −𝛼 𝐿𝑜𝑔(x) + 𝐿𝑜𝑔(𝑀), for x ≥ x𝑚𝑖𝑛, M = 𝛼−1

(x𝑚𝑖𝑛)α−1
                [5]                     

 
Where M is the constant parameter, and it is clear that this is a straight line in 
the log-log axes if the data following Power law distribution. Therefore, based 
on this method, the scaling parameter α is the slope of this straight line which 
could be derived from the least-square linear regression method, and the xmin 
could be calculated from the constant M in equation 5. However, this method 
suffers from some systematic errors (Clauset et al., 2009), and hence the 
estimates could not be trusted. (1) It is difficult to estimate the error of the 
scaling parameter because the usual calculation of the standard error of the 
regression line slope is not reasonable in the non-Gaussian case. (2) The tail of 
this line could be seemed messy because there is few data point within the bin. 
Although a varying bin size could solve this problem, it introduces a new free 
parameter which increases the difficulty to estimate the error. (3) This regression 
line fit does not usually satisfy basic requirements on probability distributions, 
such as normalization, and thus, it does not tell the true story. (4) This method 
could be a bit arbitrary or subjective because this method is a necessary but not 
sufficient condition for power law behavior. For example, the data obeying log 
normal distribution could also be observed as a rough straight line on the log-log 
plot visualization (Clauset et al., 2009). 
 
Although the above method could be refined by using the cumulative 
distribution to avoid the messy situation in the tail, it still suffers most of the 
problems introduced by regression method in estimating the error. Thus, a 
method based on the maximum likelihood estimation (MLE) and the 
Kolmogorov-Smirnov (KS) statistic (Press et al., 1992) is proposed in a research 
(Clauset et al., 2009) to estimate the scaling parameter α and the corresponding 
xmin with little bias. This method not only could estimate the parameters with 
little bias, but also could give the assertion that if the Power law distribution is a 
plausible model for fitting the empirical data. Therefore, we adopt this method 
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to fit our data to the Power law model. The scaling parameter α can be estimated 
using the MLE method, and the formula is expressed as, 
 

𝛼 = 1 + 𝑛 �� �Log x𝑖
x𝑚𝑖𝑛

�
𝑛

𝑖=1
�
−1

, for x𝑖 ≥ x𝑚𝑖𝑛, i = 1,2,3, … , n                      [6]                                                                                              

 
Where, α is the estimated Power law scaling parameter, and xmin is the lowest 
bound for the empirical data above which are considered to be hold in the Power 
law model. 
 
However, in practice, the lowest bound xmin is typically not known, and hence 
we need to choose it as accurate as possible, because α value is very sensitive to 
the choosing xmin according to the research (Clauset et al., 2009) as shown in 
Figure 4.2. If the choosing xmin is too low, then we will include the noisy data 
below the true xmin for the calculation of α value, and thus it is biased. On the 
other hand, if the choosing xmin is too large, then we may drop the valid data 
following the Power law model and suffer from the bias from the finite size 
effects.  Many methods of choosing xmin can be exploited, and the most 
straightforward one is to visually select the best xmin either from the log-log plot 
of the probability density function (PDF) or the cumulative distribution function 
(CDF) of the empirical data where the distribution seems a bit straight, or from 
the relationship of the estimated xmin value and the α value in Figure 4.2 where 
there is a relatively stable range around the true value xmin. 
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Figure 4.2: A demonstration of the relationship between the estimated α value 
and the estimated xmin value (source: Clauset et al., 2009) 

(NOTE: An experiment using 5000 datasets with 2500 samples drawn from an 
known Power law model with α = 2.5, xmin = 100 to obtain the averaged 
estimated α value given an estimated xmin value; It shows that the closer 

estimated xmin to the true value, the more accurate the estimated α value; And 
there is a relatively stable range around the true value xmin) 

 
 

Apart from the visual methods which are criticized for being subjective or even 
arbitrary (Stoev et al., 2006), an objective method based on minimizing the 
distance between the power law model and the empirical data (Clauset et al., 
2009) is reviewed. By minimizing the distance, the fitted model will be more 
similar to the empirical data distribution, and thus obtain the more reliable xmin. 
Generally speaking, this is an iterative process based on KS statics which 
calculates the maximum distance between the cumulative distribution functions 
(CDF) of the data and the fitted Power law model of the data for each given xmin 
(see equation 7). After iterating all the possible xmin, the xmin which gives the 
minimum distance is the most reliable one. This process could be described as 
the following pseudo-code, 
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max
𝑑

= 𝑚𝑎𝑥𝑥≥x𝑚𝑖𝑛
|𝑃(𝑥)− 𝐶(𝑥)|                                                                             [7]                                                                         

 
Where P(x) is the fitted Power law model of the data, and C(x) is the cumulative 
distribution model of the data, and max_d is the maximum distance between the 
two models with x equal or greater than xmin.  
 
In so far, the fitted Power law model with estimated α value and xmin is obtained, 
but to verify that this model is a plausible one, a Goodness-of-fit test (Clauset et 
al., 2009) is still needed. The fundamental ideal in Goodness-of-fit test is to 
calculate the P value that quantifies the plausibility of the fitted model. 
Specifically, the whole procedure is described as follows: (1) Obtaining the 
estimated xmin and α value of the fitted Power law model for the empirical data 
using the above function Estimating_Xmin, and then conducting a KS statistic 
test by employing equation 7 to get the max_d value. (2) Generating n synthetic 
datasets with a large sampling number using the empirical fitted Power law 
model. (3) Employing the function Estimating_Xmin to each synthetic dataset 
and obtain the corresponding synthetic fitted Power law model for its own. (4) A 
KS statistic test using equation 7 is employed on each synthetic dataset to get the 
corresponding max_di. (5) The P value could be calculated as the fraction of the 
number of max_di greater than max_d as shown in the following equation, 
 
𝑃 = 𝑡ℎ𝑒 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 max_𝑑𝑖 𝑔𝑟𝑒𝑎𝑡𝑒𝑟 𝑡ℎ𝑎𝑛 max_𝑑

n
                                                              [8]                                                                 

 
Where n denotes the total number of synthetic datasets, and max_d is KS 
statistic for the empirical dataset, and max_di is the KS statistic for each 
synthetic dataset. Basically, the larger the P value, the more reliable the fitted 
model is. However, different P values should be adopted in different studies. 
Here, this thesis adopts 0.05 as the P value to judge if the fitted model is a 
plausible one in this study. It is important to note that the method adopted in this 
study to detect the Power law distribution with KS statistic and the 
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corresponding Goodness-of-fit test is a recent advance. They are particularly 
useful in discerning the Power law distribution from many other heavy-tailed 
(long tail) distributions, but the process to make the Goodness-of-fit test or 
calculate the P value is a bit time-consuming for extremely large dataset. 
 
 
4.3. Natural city definition and generation 
Natural city defined in this study is de facto an agglomeration of street nodes 
based on the City Clustering Algorithm (CCA) (Rozenfeld et al., 2009). It is 
important to note that human activities are constrained to streets: no street no 
human activity. To put it more precisely, there would be no human activity if 
there were no street nodes. Thus, human settlements are reflected on the pattern 
of street nodes to a certain degree. For example, the smallest settlement is 
possible in this study, which only needs one single street node. Herein, a formal 
definition on the natural city should be given. Natural city is a bottom up 
agglomeration of street nodes on the condition that each node in this 
agglomeration set has at least one neighbor node closing to it with distance not 
more than the resolution. Thus, natural city is unlike the Census or statistic data 
which adopts a subjective yet error-prone method to demarcate the region. For 
example, an US Census urban area is defined according to the population 
density, which not only contains the core census blocks with a population 
density of at least 1,000 people per square mile, but also includes the 
surrounding census blocks that have an overall density of at least 500 people per 
square mile. 
 
Apart from the natural city definition, the natural city size definition is 
elaborated here. It is conventionally to take either the city area or the city 
population as the city size. However, natural city is based on the street node, and 
hence two measurements of natural city size are proposed, namely the number 
of street nodes and the urban extent of natural city. The number of street nodes 
is suggested as a proxy measure of population which is criticized for its bias in 
the above section, and the urban extent of natural city is calculated based on the 
space occupied by the natural city. Based on the definition for both of the 
natural city and natural city size shown above, all the natural cities are derived 
from the US street nodes dataset which is really a massive dataset containing 
almost 24,657,017 street nodes.  
 
The whole process can be divided into two procedures, the first procedure is to 
cluster the natural city from the massive street nodes, and the second procedure 
is to extract the city boundary from the natural city. Particularly, the first 
procedure is illustrated as the following steps: (1) Indexing the street node 
dataset using a grid based method for a fast searching the neighbors of a street 
node, and this simple index technology means that each grid contains the 
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pointers to the street nodes within it. (2) Randomly selecting any one street node 
from the dataset as the current point, and label a used tag to this point. (3) Then 
applying a radius searching method centering on the current street node to 
capture the neighboring street nodes within the radius but not labeled as used, 
and pushing these neighboring street nodes to a temporary dataset with all 
labeled as used. (4) If the temporary dataset is empty, then going to the next 
procedure to extract the city boundary, otherwise if the temporary dataset is not 
empty, then popping up one street node from this temporary dataset, and setting 
it as the current point, and then moving to step 3. Obviously, it is a recursive 
process until all the street nodes in the dataset are labeled as used. The following 
pseudo-code presents a better understanding for this algorithm, 
 

 
 
As you can see from the above recursive function, the italic “used” is labeled to 
the point to indicate that this point is a member of the clustered natural city, and 
the radius is denoted as the clustering resolution which has a determinant effect 
on the number of natural cities be derived. For example, the finer the clustering 
resolution, the more the number of derived natural cities. Particularly, this 
clustering algorithm reflects the interaction among street nodes. If the clustering 
resolution is set too large, then the street node may have more neighbors to 
communicate, and if the clustering resolution is set too small, then each street 
node will be a bit lonely as there is few neighbors to contact. On the other hand, 
it also reflects the similarity among the street nodes, or exactly the ideal of 
nearest neighbor analysis (Jacquez, 2008). If we set the clustering resolution a 
bit large, then the street nodes will be more similar to each other, because they 
might belong to the same natural city, and if we set the resolution relatively 
small, then the street nodes will be more dissimilar to each other, because they 
might belong to different natural cities. Furthermore, on the extreme case, if we 
set the cluster resolution as 1 meter, then the number of natural cities would be 
the same as that of street nodes. This is because there are never two street nodes 
within 1 meter. Usually the resolutions should be about the size of street blocks, 
e.g., more than 300 meters. Therefore, four clustering resolutions are chosen: 
400 m, 500 m, 600 m and 700 m for our investigation. 
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The second procedure is to derive the city boundary or the footprint of the 
natural city clustered with street nodes. In fact, many methods could be 
employed to extract the hull of a set of street nodes, and these methods could be 
classified as two categories, namely vector based and raster based. The vector 
based method is investigated extensively in the computer geometry community. 
From the simple algorithm like Andrew’s Monotone Chain Algorithm (Andrew, 
1979) to the relative complicated algorithm, such as construction of concave hull 
with a k nearest method (Moreira and Santos, 2007).  However, all these vector 
based methods are only feasible for the small dataset, because it is time 
consuming if applying them to extreme large dataset. And hence, it is definitely 
unacceptable with respect to the massive street nodes dataset of the entire US. 
Therefore, a raster based method is adopted, which is not only fast but also 
satisfies our accurate requirement. The whole procedure could be illustrated as 
the following steps. Firstly, deriving the occupied space or footprint of the 
natural city, and this footprint is in fact a binary imagery with 1 value pixel 
occupied by at least one street node, while 0 value pixel occupied by no street 
node. Secondly, generating the first derivative image on horizontal direction 
from the binary image for highlighting the right-left boundary pixels of this 
footprint (Figure 4.3), and the calculation of horizontal directed first derivative 
matrix is demonstrated in equation 9. 
 

𝑝𝑖𝑥 ′(𝑖, 𝑗) = �
1, 𝑖𝑓 𝑝𝑖𝑥(𝑖, 𝑗) == 1 𝑎𝑛𝑑 𝑝𝑖𝑥(𝑖, 𝑗 + 1) − 𝑝𝑖𝑥(𝑖, 𝑗 − 1) > 0
−1, 𝑖𝑓 𝑝𝑖𝑥(𝑖, 𝑗) == 1 𝑎𝑛𝑑 𝑝𝑖𝑥(𝑖, 𝑗 + 1) − 𝑝𝑖𝑥(𝑖, 𝑗 − 1) < 0
0, 𝑖𝑓 𝑝𝑖𝑒𝑥(𝑖, 𝑗) == 0  𝑜𝑟  𝑝𝑖𝑥(𝑖, 𝑗 + 1) − 𝑝𝑖𝑥(𝑖, 𝑗 − 1) = 0

�    [9]         

 
Where matrix pix is the binary image and matrix pix’ is the horizontal directed 
first derivative image, and parameter i and j are the row and column 
respectively, j should satisfy the condition that equal or greater than 2 and less 
than n (the total number of columns in this image). 
 
 
 
 



 

50 
 

 
(a) 

 
 
 
 

 First 
Derivative 

 
(b) 

 
Figure 4.3: A fictive demonstration of converting binary image to the horizontal 

directed first derivative image 
(NOTE: The 0 value pixels in both images are the pixels with no street node, 

whereas the 1 value pixels are the pixels with at least one street node occupied; 
the green dots in both images is the street node data; the red color pixels in (b) 

are the detected right-left boundary pixels) 
 
 

Thirdly, randomly choosing any one boundary pixel from the horizontal directed 
first derivative image as the starting point or the current point, and selecting any 
neighboring boundary pixel of current point as previous point. Fourthly, this 
procedure traces the next point based on the current point and the previous point, 
and stores the central position of the current point. And fifthly, if the next point 
back to the original starting point, then the boundary extraction procedure is 
finished; otherwise, the next point is set as the current point and go to step 4. 
This is again a recursive tracing process until back to the original point, and the 
whole procedure is described as the following pseudo-code, 
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In practice, the above two procedures are implemented in the following classes 
and interfaces (Figure 4.4). Basically, the Clustering class is the main class of 
the whole process, and it provides two kinds of working modes, patch process 
mode and single file process mode. Well, it is convenient to work in the patch 
process mode, where only two methods are exploited, namely 
“ClusteringCCA_Init_Patch” and “ClusteringCCA_Patch”. The former method 
is used to obtain the parameters from the interfaces, such as the clustering 
resolution, etc., whereas the latter one is used to execute the whole process as 
illustrated above (deriving natural city and extracting the city boundary). The 
RasterPolygon class is mainly used to extract the city boundary. As we can see 
from the following figure, it provides two methods, namely “GenerateImg” and 
“getPolygon”. The former method is used to generate the binary image from the 
street nodes, and the latter method is employed to extract the city boundary from 
the binary image. Generally, the entire workflow is described in the following 
Figure 4.4 a.  
 
After all, all the natural cities of US with clustering resolution 400 meter, 500 
meter, 600 meter and 700 meter are derived. There are at least 2,000,000 natural 
cities for each clustering resolution. For demonstration purpose, we show the 
natural cities with clustering resolution 500 meter in the following map (Figure 
4.5). A bit to note is that only the natural cities with street node number larger 
than the average value are displayed. 
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(a) 

 
(b) 

 
(c) 

 

 
 

(d) 
 

(e) 

 

 
(f) 

 
Figure 4.4: Overview of work flow and main classes for natural city generation 

(NOTE: (a) denotes the whole work flow of natural city generation from the 
perspective of class view; and (b) - (f) demonstrate the main classes 

implemented in the city generation program) 
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Figure 4.5: Natural cities of the entire US (Alaska and Hawaii are excluded for 
display purpose) with the resolution of 500 meter 

(NOTE: Not all natural cities are displayed because the entire dataset makes a 
little messy on the effects of visualization, and hence only natural cities with 

size larger than the average value are displayed) 
 
 

4.4. Results for the natural cities of US  
In this section, our findings are presented in detail for the city size distribution 
of the entire US, including the contiguous US, Alaska and Hawaii. Particularly, 
Zipf’s law on the natural city size distribution is verified. Here, city size is 
measured in both of number of street nodes and urban area. This is different 
from the US Census urban area counterpart, where the size is measured in both 
of population and urban area. However, comparisons between the two datasets 
are also given in this chapter.  
 
4.4.1. Heavy tail distribution for natural cities of the US 
Our first finding is that the size of natural cities exhibits a heavy tail distribution. 
This means that most of the natural cities have a very small size, whereas only 
few natural cities have extremely large size. As we can see from Figure 4.1, 
these small natural cities stay in the tail and large natural cities rest in the head. 
To put it more specifically, we set the average size of all natural cities as the 
division mark, which partitions the entire natural cities into two categories. 
These natural cities with city size larger than this average size only constitute 
about 10% of the total number of natural cities, and they are the extreme large 
natural cities staying in the head. On the other hand, these natural cities with city 
size smaller than the average city size make up almost 90% of the total number 
of natural cities, and they are the majority small cities resting in the tail. This is 
clearly shown in the following Table 4.1, where we list the total number of 
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natural cities, the number of natural cities smaller than mean, and the number of 
natural cities larger than mean with respect to the four different clustering 
resolutions, namely 400 meter, 500 meter, 600 meter and 700 meter. 
 
 

Table 4.1: The table for the heavy tail distribution of all natural cities with 
respect to different clustering resolution 

 
City clustering resolution 700 600 500 400 
Number of natural cities 
(all) 2373382 2933849 3727129 4779305 
Number of natural cities 
(<mean) 2208939 2706046 3391758 4342613 
Number of natural cities 
(>mean) 164443 227803 335371 436692 
Tail (<mean) 93% 92% 91% 91% 
Head (>mean) 7% 8% 9% 9% 

 
 

Table 4.2: The table for the heavy tail distribution of top natural cities (head) 
with respect to different clustering resolution 

 
City clustering resolution 700 600 500 400 
Number of top natural 
cities (all) 164443 227803 335371 436692 
Number of natural cities 
(<mean) 150659 207319 304066 393585 
Number of natural cities 
(>mean) 13784 20484 31305 43107 
Tail (<mean) 92% 91% 91% 90% 
Head (>mean) 8% 9% 9% 10% 

 
 

From the above Table 4.1 and Table 4.2, we could further understand two 
amazing stories of natural cities. The first one is that the heavy tail pattern does 
not have large fluctuation with respect to the clustering resolution, or it is 
relatively stable in delineating the head and tail of the distribution (say about 
10% head and 90% tail). The second one is that this heavy tail distribution keeps 
stable if we further cut the data with the same operation, and importantly it 
resembles the fractal pattern. This fractal pattern suggests the scaling property of 
the city size. For example, if we take the top (head) natural cities from the whole 
dataset as a new dataset and cut this new dataset with the average size value, 
then we still get two categories, namely 10% head and 90% tail. As we can see 
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from Table 4.2, the two categories are extreme obvious regardless of the 
clustering resolution. Consequently, the above two interesting stories are a good 
indicator of power law distribution which we will discuss thoroughly in the next 
section.  
 
4.4.2. Zipf’s law for US natural cities and US Census urban area 
Before reporting our finding, it is necessary to say something about our 
reference data, US Census urban area and population sites. Census urban area is 
the administrative delineation of US territory based on population density 
(available at: http://www.census.gov/geo/www/cob/ua2000.html). An urban area 
defined in this way contains not only the core census blocks with a population 
density of at least 1,000 people per square mile, but also the surrounding census 
blocks that have an overall density of at least 500 people per square mile. Here, 
a total number of 3,618 urban areas are employed in this experiment. On the 
other hand, the population sites is composed of 65,997 population centers with 
307 records excluded for the incomplete information, and each population center 
includes population ranging from 1 to 36,146 (available at: 
http://www.census.gov/geo/www/cenpop/cntpop2k.html). Furthermore, we 
overlap the population sites with the US Census urban area and find that 49,114 
population centers are within urban areas, which account for 76% of the entire 
population. 
 
Our second finding is far beyond the first finding heavy tail distribution, and it 
tells us that the Zipf’s law holds remarkably well for all the natural cities 
regardless of the clustering resolution, 400 meter, 500 meter, 600 meter or 700 
meter. We can see from both Figure 4.6 a and Figure 4.6 b, where the log-log 
plot is remarkably a straight line with the power law best fit line extending more 
than two orders of magnitudes. Particularly, in Figure 4.6 a, we take the urban 
extent as the city size and there are totally 16 datasets with respect to the 
different combinations between raster spatial resolution and clustering 
resolution. Importantly, all the 16 log-log plots resemble a rough similar pattern 
but with little difference. It is observed that the raster spatial resolution has little 
effect on the pattern of log-log plot in both of intercepts and slope, whereas the 
clustering resolution has some effects on the intercepts but has little effects on 
the slope of the log-log plot. Thus, in the following discussion, this thesis 
ignores the effects of different raster spatial resolutions imposed on the 
distribution, and takes the average effects of the raster spatial resolution into 
consideration as shown in Figure 4.6 c. On the other hand, in Figure 4.6 b, we 
adopt the street node as the city size, and plot the four datasets with respect to 
the clustering resolution 400 meter, 500 meter, 600 meter and 700 meter. It is 
reported that all the four log-log plots exhibit a remarkably straight line. 
Furthermore, the four slope values are calculated based on the methods 
illustrated before. Although a little difference among the scaling exponents is 

http://www.census.gov/geo/www/cob/ua2000.html�
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observed in Figure 4.6 d, they all within a valid range, say from 2.0 to 2.1. In 
other words, all these Power law scaling exponents are close to 2 (see Table 
4.3). This implies a valid Zipf’s law for all the natural cities regardless of the 
clustering resolution.   

 
 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
Figure 4.6: Power law distribution for the size of all natural cities with respect to 
the different clustering resolutions, namely 400 meter, 500 meter, 600 meter and 

700 meter, and the relationship between scaling exponent and clustering 
resolution. 

(NOTE: In above figures, SR is raster spatial resolution and CR is clustering 
resolution; (a) displays the log-log plots of the urban extent distribution for 16 

natural city datasets; (b) shows the log-log plots of the street node distribution of 
natural cities with respect to four different clustering resolutions; (c) and (d) 

show the relationship between the scaling exponent and the clustering resolution 
from the perspective of urban extent and street node respectively) 
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Besides, we deliberately choose five different sets of natural cities to examine 
the Power law scaling exponent, and these datasets corresponding to the top 150, 
the top 1500, the top 15000, the top 15000 and all the natural cities respectively. 
As shown in Table 4.3, the Power law scaling exponent for natural cities of 
different parts are relatively stable with only a fluctuation at the second decimal. 
On the contrary, the Power law scaling exponent for US Census urban area are 
comparatively not so stale as the one of natural cities, and this could be observed 
from both Table 4.3 and Figure 4.7. Thus, it hints that the distribution of US 
Census urban area does not strictly obey the Zipf’s law.  

 
 

Table 4.3: Power law scaling exponent for both natural cities and US Census 
urban area 

 

 

700 600 500 400 Urban 
Area 

Toppest 
Cities 

Node
s 

(α) 

Exten
t 

(α) 

Node
s 

(α) 

Exten
t 

(α) 

Node
s 

(α) 

Exten
t 

(α) 

Node
s 

(α) 

Exten
t 

(α) 

Pop
. 

(α) 

Exten
t (α) 

Top150 1.98 2.09 2.00 2.10 2.06 2.14 2.14 2.22 1.9
1 2.08 

Top1500 2.01 2.09 2.03 2.10 2.06 2.10 2.10 2.12 1.7
4 1.81 

Top15000 2.01 2.09 2.04 2.11 2.06 2.12 2.11 2.15 NA NA 
Top15000
0 2.01 2.09 2.04 2.11 2.06 2.12 2.11 2.15 NA NA 

ALL 2.01 2.09 2.04 2.11 2.06 2.12 2.11 2.15 1.7
4 1.8 
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Figure 4.7: Power law distribution for the Census urban area with respect to 
different parts 

(NOTE: We choose three different parts of Census urban area dataset, namely 
Top150 (the largest 150 urban area), Top1500 (the largest 1500 urban area) and 
All (all the urban area), to valid the Zipf’s law distribution; X here is the urban 

extent or physical area of urban area; This experiment shows that the size 
distribution of the upper head of urban area is much closer to Zipf’s law than 

other parts and a large gap among the scaling exponents of different parts) 
 
 

Until now, a half story is only told, because we still cannot draw a conclusion on 
whether the size distribution of natural cities follows a Zipf’s law. To further 
investigate the validity, the KS statistic illustrated in above section is employed. 
The corresponding P values for the natural city and US Census urban area 
datasets are listed in the following Table 4.4. As we can see from Table 4.4, all 
the P values of natural cities are greater than the threshold value 0.05 we set at 
the beginning of this section, and a few natural city datasets have P value even 
closing to 1.0. Thus, this KS statistic further justifies our conclusion at the 
beginning of this section, and confirms the plausibility of Zipf’s law for all US 
natural cities. However, the P values for the US Census urban area are 
comparatively poor, and even some datasets do not pass the KS test, for 
example, the urban extent distribution of the entire US Census urban area. Thus, 
it is difficult to say whether the size of US Census urban area follows Power law 
distribution. 
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Table 4.4: KS statistic P values for both natural cities and US Census urban area 
 

 

700 600 500 400 Urban 
Area 

Toppest 
Cities 

Node
s 

(P) 

Exten
t 

(P) 
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s 

(P) 

Exten
t 

(P) 

Node
s 

(P) 

Exten
t 

(P) 

Node
s 

(P) 

Exten
t 

(P) 

Pop
. 

(P) 

Exten
t (P) 

Top150 0.29 0.81 0.32 0.77 0.36 0.17 0.07 0.30 0.2
4 0.01 

Top1500 0.95 0.17 0.67 0.18 0.99 0.55 0.39 0.50 0.0
1 0.00 

Top15000 0.85 0.11 0.83 0.45 0.92 0.21 0.34 0.29 NA NA 
Top15000
0 0.84 0.11 0.83 0.44 0.94 0.22 0.40 0.27 NA NA 

ALL 0.84 0.10 0.90 0.41 0.88 0.18 0.46 0.28 0.1
0 0.03 

 
 

4.4.3. Zipf’s law for individual states in US 
After examining the Zipf’s law for all the natural cities of US, it is necessary to 
examine the natural cities within individual state of US. Applying the same 
methods of natural city generation and the scaling exponent calculation, we 
obtain the Power law scaling exponent and the corresponding P value for each 
state listed in Table 4.5. In addition, the natural city size distribution for each 
state in a log-log plot is shown in Figure 4.8 and Figure 4.9 (Excluding the 
District of Columbia for not more than 10 natural cities within it). As the street 
nodes is concerned, it is observed that most of the states (about 33 states) have 
both the scaling exponent within the range from1.85 to 2.15 (or 0.85 to 1.15 in 
terms of Zipf’s law) and the P value greater than our threshold value 0.05 
(Figure 4.8). And hence, we could say these states obey the Zipf’s law. 
However, some other states do not hold well with Zipf’s law (Figure 4.9), and 
especially for a few states, where the scaling exponent is even greater than 2.5 or 
2.3 with respect to urban extent or street nodes respectively, such as North 
Dakota state. Therefore, we cannot draw a conclusion that Zipf’s law holds well 
for the natural cities within individual states of US, instead we learn that Zipf’s 
law maybe not universal from state to state, or even from country to country.  
 
It is obvious that the larger the scaling exponent, the more heterogeneous the 
city sizes, or the smaller the scaling exponent, the more homogeneous (uniform) 
the city sizes. Thus, states with the rough similar scaling exponent should have 
the similar structure in terms of city sizes, and states with different scaling 
exponents may exhibit the dissimilar structure. Importantly, does this scaling 
exponent have any hints on the relationship with the economic structure or the 
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state management policy? Surely, this is an interesting topic which deserves 
thorough investigation, but it is beyond the topic of this study.  
 
 

Table 4.5: Power law scaling exponent and P value for natural cities within 
individual state of US (excluding District of Columbia) 

 

State Name Extent Nodes State Name Extent Nodes 
α P α P α P α P 

Alabama 2.12 0.15 1.95 0.95 Montana 2.34 0.66 2.08 0.06 
Alaska 2.48 0.90 2.28 0.12 Nebraska 2.34 0.33 2.16 0.77 
Arizona 2.28 0.02 1.98 0.00 Nevada 2.11 0.55 1.88 0.87 

Arkansas 2.12 0.47 1.99 0.79 New 
Hampshire 2.14 0.19 1.96 0.85 

California 1.98 0.19 1.83 0.57 New Jersey 1.77 0.55 1.80 0.29 
Colorado 2.30 0.43 1.93 0.02 New Mexico 2.14 0.11 2.01 0.64 
Connecticut 1.99 0.07 1.89 0.32 New York 2.17 0.00 2.04 0.21 

Delaware 1.86 0.75 1.85 0.01 North 
Carolina 1.82 0.28 1.95 0.00 

Florida 1.90 0.82 1.82 0.00 North 
Dakota 2.52 0.11 2.34 0.65 

Georgia 2.02 0.96 1.91 0.37 Ohio 2.00 0.82 1.96 0.29 
Hawaii 1.83 0.12 1.60 0.03 Oklahoma 2.20 0.33 2.05 0.26 
Idaho 2.18 0.12 2.11 0.20 Oregon 2.10 0.03 1.93 0.33 
Illinois 2.16 0.46 2.05 0.43 Pennsylvania 2.02 0.95 1.93 0.29 
Indiana 2.09 0.87 1.99 0.82 Rhode Island 2.09 0.18 1.89 0.66 

Iowa 2.16 0.60 2.12 0.39 South 
Carolina 2.16 0.03 1.91 0.84 

Kansas 2.30 0.66 1.99 0.16 South 
Dakota 2.57 0.03 2.21 1.00 

Kentucky 2.08 0.49 1.94 0.43 Tennessee 2.04 0.76 1.91 0.78 
Louisiana 2.15 0.06 1.91 0.43 Texas 2.24 0.46 2.07 0.43 
Maine 2.31 0.15 2.10 0.72 Utah 2.33 0.55 2.06 0.39 
Maryland 1.79 0.81 1.84 0.06 Vermont 2.38 0.18 2.17 0.54 
Massachusetts 1.85 0.99 1.87 0.03 Virginia 2.06 0.02 2.01 0.26 
Michigan 2.29 0.43 2.15 0.62 Washington 2.15 0.83 1.98 0.11 

Minnesota 2.49 0.95 2.29 0.82 West 
Virginia 1.95 0.76 1.94 0.81 

Mississippi 2.24 0.08 2.01 0.83 Wisconsin 2.23 0.25 1.99 0.02 
Missouri 2.16 0.26 1.99 0.16 Wyoming 2.41 0.35 2.07 0.21 
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(33) 
 

Figure 4.8: Power law plots for the states with scaling exponents within the 
range from 1.85 to 2.15 and P values greater than 0.05 (excluding District of 

Columbia) 
(NOTE: Here x denotes the number of street nodes, and the 33 figures listed 
above from (1) to (33) draw the natural city size distribution for each state 

according to the alphabet order) 
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Figure 4.9: Power law plots for the states with scaling exponents beyond the 

range from 1.85 to 2.15 or P values less than 0.05 (excluding District of 
Columbia)  

(NOTE: Here x denotes the number of street nodes, and the 17 figures listed 
above from (1) to (17) draw the natural city size distribution for each state 

according to the alphabet order) 
 
 
4.5. Summary 
A conclusion for this chapter is drawn in this section. Bearing the question of 
whether Zipf’s law holds well for all the cities of US without truncates in city 
size, or even without the limitation of geographic scale such as different regions, 
this thesis examines the validity of Zipf’s law in these cases based on the natural 
cities. Particularly, our contributions can be two folds. The first one is that a 
massive street node dataset (almost 25 million) is extracted from a 120 gigabytes 
OSM dataset, and further it is believed that this valuable dataset is useful for the 
data intensive research community (available at: 
http://fromto.hig.se/~bjg/ijgis/Zipf). The second one is that some conclusions 
around the issue of Zipf’s law could be drawn. (1) Our findings suggest that 
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Zipf’s law holds remarkably well for the size of all natural cities within the 
entire US, whereas it is found that the size of US Census urban area follows 
Power law distribution with the scaling exponent a little deviation from 1.0. (2) 
It is suggested that Zipf’s law is not universal as far as the natural cities within 
individual US state is concerned. In addition, the scaling exponent is different 
from one state to another, although it is found that there are 33 states follow the 
Zipf’s law. 
 
Particularly, these different scaling exponents hint the heterogeneity of the inner 
structure of each state, because the city size is impacted by many social and 
economic factors such as population migration and city functions (e.g. industry 
layout, etc.). For example, is it true that states with loose population migration 
policy have a larger scaling exponent than states with tight population migration 
policy? Or is it true that states specializing in financial, business, or diversified 
services have a larger scaling exponent than states specializing in manufacturing 
(Black and Henderson, 1999)? In addition, explanations around the Zipf’s law 
hint the mechanism underlying the evolution of cities. For example, Zipf (1949) 
attributed this remarkably regularity in Zipf’s law to the least effort principle of 
human behavior. The increasing ties (say, cooperation or competing) among 
people in modern times prompt the clustering of people to form megacities but 
not a single super city. This is because, with the minimization in effort paid by 
individual, some people prefer to live in big cities, whereas others would rather 
to escape for the negative impacts of big cities (Marsili and Zhang, 1998). Thus, 
it is important to uncover the story behind this simple rule.  
 

  



 

66 
 

 
  



 

67 
 

Chapter 5 

 

Sprawling measurement using street nodes and 
natural cities 

[This chapter is based on paper: Measuring urban sprawl based on massive 
street nodes and natural cities (Jia T. and Jiang B., 2011), submitted to 
Computers, Environment and Urban Systems (under review)] 

 
 
5.1. Introduction 
Urban sprawl is generally characterized to be low density, auto-dependent land 
development taking place at the periphery of urban areas, and thus transfers 
large amount of open space into low density suburban land. The loss of open 
space is not just a problem of rural land, but also causes significant 
environmental impacts (Cieslewicz, 2002). To curb urban sprawl, we first need 
to effectively measure it to better understand how and where it has occurred. 
Existing studies heavily rely on population data and legally or administratively 
determined urban boundaries for measuring urban sprawl (e.g., Torrens and 
Alberti, 2000; Fulton et al., 2001), although satellite imagery has been used to 
automatically detect urban boundaries (Sutton, 2003; Sudhira et al., 2004; Davis 
and Schaub, 2005; Ji et al., 2006). The population data are often acquired at an 
aggregate level, e.g., census tracts, designated places, or population centers, 
rather than in an individual level. This adds some uncertainty to real 
demographic facts. On the other hand, the legally or administratively determined 
urban boundaries are criticized for being subjective or even arbitrary. There is 
little consensus reached as to where the city boundary is, and how it is defined 
or delineated. In addition, city boundaries change over time, and the boundary 
has a major effect on drawing a conclusion on whether or not a city is sprawling. 
A fat boundary means that a city is sprawling, while a thin boundary could 
change the conclusion in the opposite direction. 
 
This thesis believes that measuring urban sprawl must be based on geospatial 
data in an individual level and with little ambiguity. In this respect, effectively 
defined city boundaries are very important for measuring urban sprawl, and they 
set a uniform standard for cross comparison. More than that, effectively defined 
city boundaries are of value to many urban studies for understanding the 
underlying structure and dynamics which concern economists, geographers, and 
even physicists. In this chapter, a new approach is introduced to measure urban 
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sprawl using naturally defined natural cities and street nodes that can be 
automatically derived from large OpenStreetMap (OSM) databases (Haklay and 
Weber, 2008). Relying on free data from GPS traces and satellite imagery, the 
OSM databases provide a rich data source, constituting one successful example 
of volunteered geographic information (VGI), contributed voluntarily by 
individuals and supported by Web 2.0 technologies (Goodchild, 2007; Sui, 
2008). Based on the OSM data, we extracted street nodes (c.f., chapter 3 for 
more details) and individual natural cities (c.f., section 5.2 for more details). The 
street nodes refer to street intersections and street ends, while naturally defined 
urban boundaries constitute what we call natural cities. This study finds that the 
street nodes are significantly correlated with population in cities. Based on this 
finding, we set street nodes as a proxy of population to measure urban sprawl. 
This study further finds that street nodes have a linear relationship with city 
sizes, with a correlation coefficient up to 0.97. This linear regression line is used 
to determine if a city is sprawling. In the plot with the x axis representing city 
sizes, and the y axis street nodes, sprawling cities are located above the 
regression line, compact cities below the regression line, and normal cities along 
the line. This study develops this approach and verifies it with the US census 
data of population and urban areas. This approach is further applied to three 
European countries: France, Germany, and the United Kingdom (excluding 
North Ireland), and consequently categorizes all natural cities into three classes: 
sprawling, compact, and normal. 
 
A major contribution of this chapter lies in the categorization of cities into 
sprawling or compact cities in a uniform standard for cross comparisons across 
an entire country. The resulting data can be of value to various urban studies. 
This contribution is along with the current research at the frontier of data-
intensive computing - the fourth paradigm in scientific discovery (Hey et al., 
2009). A second contribution is with the division between sprawling and 
normal, and between compact and normal. This division is automatically 
determined according to the head/tail division rule. The head/tail division rule 
refers to the regularity that given a variable V, if its values v follow a heavy 
tailed distribution, then the mean (m) of the values can divide all the values into 
two parts: a high percentage in the tail, and a low percentage in the head (Jiang 
and Liu, 2011). A heavy tailed distribution refer to  one of the distributions of 
the power law, exponential, lognormal, stretched exponential, and power law 
with a cutoff (Clauset et al., 2009). A heavy tailed distribution differs 
fundamentally from a normal distribution which is often considered to have a 
thin tail. A similar term, the long tail distribution, is used to refer to a power law 
like distribution only (Anderson, 2006) in discussing a new business model in 
the internet age. 
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The remainder of this chapter is structured as follows. Section 5.2 introduces the 
concepts of street nodes and natural cities adopted in this study. In Section 5.3, 
we develop a new method of measuring urban sprawl based on the correlation 
between natural city sizes and street nodes. This study further verifies the 
method in Section 5.4 by conducting a case study using US census data of 
population and urban areas, and finds that the categorization of sprawling and 
compact cities matches pretty well with the result in the literature. A second case 
study is reported in Section 5.5, where we apply the same method to three 
European countries: France, Germany, and the United Kingdom. Finally, a 
summary is drawn in section 5.6. 
 
 
5.2. Street nodes and natural cities 
In this study, any census or statistical data for studying or measuring urban 
sprawl is abandoned, since they are not universally or publicly available. Instead 
the OSM data that are freely available is adopted. The data is particularly 
complete and has a large coverage for developed countries. Based on the OSM 
street network data, street nodes (c.f. chapter 3) is extracted as a proxy for 
population, and natural cities (c.f. chapter 4) as a proxy for real cities. It should 
be noted that natural cities and real cities are not completely equivalent, since 
the latter is legally or administratively determined. However, most natural cities 
can find their counterparts of real cities, since natural cities are urban 
agglomerations or human settlement automatically or naturally detected. The 
deviation between natural cities and their corresponding real cities warrants a 
detailed investigation and comparison. 
 
5.2.1. Street nodes 
As illustrated in chapter 3, street nodes are taken as a proxy for population in 
this study. This is partly because of the fact that human settlements are 
constrained to street network. Thus, in dealing with a large street network 
involving highways, these intersections at different levels do not need to be 
considered. At a country level, street nodes have a high density in cities and a 
low density in the countryside. At a city level, street nodes have a high density 
in the center and a low density in the periphery. This kind of density distribution 
matches very well to that of population. This study will further assess the 
correlation between population and street nodes in the following section. 
Besides, street nodes adopted in this study cover the entire US (24,657,017) and 
three European countries, France (1,860,189), Germany (5,523,598), and the 
United Kingdom (2,132,695, excluding North Ireland). 
 
5.2.2. Natural cities 
Unlike real cities that are legally or administratively imposed, natural cities are 
naturally defined. By naturally, we mean defined through some automatic way 
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of delineating city boundaries. For example, based on the nearest neighbor 
analysis of street nodes, we can recursively cluster nearest nodes into individual 
urban agglomerations or human settlements for being natural cities. By 
naturally, we also mean that natural cities are formed or perceived 
spontaneously by human minds. This is particularly true while one is looking 
down from the middle air. The clustering process method is adopted from a city 
clustering algorithm that was developed by Rozenfeld et al. (2009) for clustering 
population centers into cities or urban areas (Note: the population centers are 
already at an aggregate level rather than at an individual level as street nodes). 
We adopt the clustering process, and apply it to clustering street nodes instead of 
population centers. Eventually, several million natural cities for the entire USA 
are generated, and the city sizes range from 8 million nodes down to a single 
node (Jiang and Jia, 2011). This is the very dataset that will be adopted for 
measuring urban sprawl in this chapter. 
 
Natural cities can also be defined from the perspective of city and field blocks 
(Jiang and Liu, 2011). The street network of an entire country is decomposed 
into individual units, each of which forms a minimum ring or cycle such as city 
blocks (in cities) and field blocks (in the countryside). Interestingly, the block 
sizes exhibit a lognormal distribution, implying that there are far more smaller 
(than the mean) blocks than larger (than the mean) ones. According to the 
head/tail division rule mentioned earlier in the text, all the blocks can be put into 
two categories: the smaller and the larger ones. We further group or cluster the 
smaller blocks into urban agglomerations by considering the spatial 
autocorrelation effect. Note that the underlying idea of the clustering process is 
similar to clustering street nodes, but we adopt a slightly different principle of 
defining natural cities. Instead of taking all groups as natural cities, we define 
only those in the head (of the long trail distribution of groups) as natural cities. 
Thus there are only a few thousand natural cities for each of the three European 
countries: France, Germany, and the UK (Jiang and Liu, 2011). The same 
dataset will be adopted in this study. It should be noted that the new principle 
makes better sense, since not all urban agglomerations or human settlements are 
cities. In this respect, the second way of defining natural cities seems more 
natural in terms of determining the head part (or natural cities) according to the 
head/tail division rule. 
 
 
5.3. New method of measuring urban sprawl 
Here a simple criterion is developed to determine whether or not a city is 
sprawling, i.e., a city is considered to be sprawling if urban expansion is faster 
than population growth. To the contrary, a city is considered to be compact or 
normal if urban expansion is slower than or equal to population growth. Figure 
5.1 illustrates two sprawling cities, two compact cities and many normal cities 
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that are closely along the regression line. The urban expansion for cities along 
the regression line has the same rate as population growth. In the literature, there 
are two different views about the relationship between urban expansion (x) and 
population growth (y). The first is as we illustrated here the linear relationship, 
i.e., 𝑦 = 𝑘𝑥 . The second view assumes a nonlinear relationship or a power 
relationship, i.e., 𝑦 = 𝑥𝛼, where α < 1. The second view is also known as the 
economy of scale, implying that the larger the cities, the less infrastructure, such 
as street networks, gas stations, and water pipelines (e.g., Bettencourt et al., 
2007). The second is built on the theory of allometry initially developed from 
biology on the study on the growth of part of an organism in relation to that of 
the entire organism (West et al. 1999). In what follows in this section, we will 
use the population and urban areas from the US census to investigate the 
relationships. 
 

 
 

Figure 5.1: Illustration for differentiating between sprawling and compact cities 
(NOTE: cities along the regression line are considered as normal) 

 
 

Urban areas are one of the formally defined geographic areas in the US census 
2000 data. Urbanized areas (with population > 50,000) and other urban entities 
(with population between 2,500 and 49,999) are qualified for being urban areas. 
We downloaded the data from 
http://www.census.gov/geo/www/cob/ua2000.html. There are initially 11,880 
urban areas, but many of them have the same names or have no name at all. For 
those without a name, we merged them into large adjacent urban areas. For 
those with the same name, we also merged them into one unit. Eventually, we 
obtained 3,638 urban areas for our investigation; refer to figure 5.2 for an 
illustration. 
 
Population data contain population information at the level of census tracts for 
individual population centers. There are a total of 65,997 population centers, 
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each ranging from 1 to 36,146 people. The data were downloaded from 
http://www.census.gov/geo/www/cenpop/cntpop2k.html (excluding 307 invalid 
records because x, y and pop are all set to zero). Each entry of the data is 
uniquely identified by 11 digits, e.g., for the first entry “01001020100, 1921, 
+32.47507, -86.486814”. The first 2 digits correspond to the state, the next 3 to 
the county within the state and the rest to the census tract. The first record 
indicates some state (01), some county (001), and some census tract (020100), 
with population 1921 located at +32.47507, -86.486814. Overlapping urban 
areas and the population data, we found that there are many population centers 
that are not within any urban area. Statistical analysis indicates that only 49,114 
population centers are within urban areas, and the centers account for 76% of the 
entire population. 
 

 
 

Figure 5.2: Urban Areas (red patches) and Population (blue points) near New 
York 

 
The correlation between urban areas and population is examined in this study, 
and it is found that the R square for the linear relationship is around 0.83. On the 
other hand, if taking the log-log plot, i.e. log (𝑦) = 𝛼log (𝑥), it could be further 
found that the R square for the power relationship is 0.85, and α = 0.95. The two 
R square values are almost the same (deviation is 0.02), and α is very close to 
1.0. It appears very difficult to differentiate between a linear and nonlinear 
relationship between urban areas and populations. It is important to point out a 
major problem of population data. They are population areas aggregated to 
population centers. Unlike the population data, street nodes are defined at the 
individual level, it is our intention to replace population by street nodes. Let us 
assess how population is significantly correlated to street nodes. We take the 
3638 urban areas and plot them against street nodes within the urban areas, and 
find that the correlation coefficient is 0.89. This significant correlation has 
proved that street nodes defined at the individual level can be a proxy for 
population for measuring urban sprawl. 
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5.4. Case study I: measuring urban sprawl of the natural cities of USA 
In this case study, over 30 thousand of the largest natural cities from over 3 
million of natural cities derived from the previous study by Jiang and Jia (2011) 
are adopted for our investigation. The smallest natural city contains only 56 
street nodes. There are 14 million of street nodes within the 30 thousand of 
natural cities. The boundaries of natural cities are delineated by imposing a grid 
of resolution of 500 meters. We plot natural cities against street nodes (Figure 
5.3), and find a significant correlation between two parameters, with the 
correlation coefficient up to 0.96. 
 

 
 

Figure 5.3: Correlation plot between natural cities (physical areas) and street 
nodes for USA 

 
 

As we can see, a vast majority of the natural cities are along the red regression 
line, and only a very few natural cities are a bit far from the line. The fact that 
most dots are clustered around that corner of the plot indicates another important 
fact that the sizes of the natural cities follow a power law distribution; refer to 
Jiang and Jia (2011) for more details. We further compute the distance between 
points (representing natural cities) and the regression line, and find that the 
distance exhibits a striking lognormal distribution. With respect to Figure 5.3, 
we partition all points (representing 30 thousand of the natural cities) into two 
groups: (1) those above the regression line and (2) those below the line. For each 
group, we examine whether or not their distances far from the regression line 
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follow a heavy tailed distribution. The plot shown in Figure 5.4 demonstrates a 
striking lognormal distribution. 
 

 
 

Figure 5.4: Lognormal distribution of the distance between individual points and 
the regression line in Figure 5.3 

 
 

Given the lognormal distributions, the mean of each group is obtained to 
partition the corresponding natural cities into two. For the first group (above the 
line), those far from the regression line are considered to be compact cities, and 
those close to or along the regression line are considered to be normal cities. For 
the second group (below the line), those far from the regression line are 
classified as sprawling cities, and those close or along the regression lines as 
normal cities. The classification between compact and normal (above the line) 
and between sprawling and normal (below the line) is a direct application of 
head/tail rule briefly mentioned in the text; for more details about the regularity, 
the reader is encouraged to refer to (Jiang and Liu, 2011). We choose top 500 
natural cities for visualization using traffic light colors: red for the sprawling, 
green for the compact, and yellow for the normal. The result is shown in Figure 
5.5. It is obvious that most large cities are either sprawling or compact, and only 
very small cities (nearly invisible) are normal. 
 



 

75 
 

 
 

Figure 5.5: Top 500 natural cities are classified into sprawling (red), compact 
(green) and normal (yellow) according to natural cities and street nodes 

correlation 
 

To verify the above result, we plot urban areas against street nodes, and identify 
all sprawling, compact and normal cites as shown in Figure 5.6. It is not hard to 
note the two patterns shown in Figure 5.6 and Figure 5.5 are very consistent. 
The resulting classification is also very consistent with the existing literature 
(Sutton, 2003). We further choose top 25 cities for a comparison and find only 
three inconsistent cases. 
 

 
 

Figure 5.6: Top 500 urban areas are classified into sprawl (red), compact (green) 
and normal (yellow) according to urban areas and street nodes correlation 

 
 

Let us take a detailed at the three inconsistent cases. With respect to Figure 5.7, 
natural cities are in blue, while urban areas are in red. For the first case, natural 
city C is sprawling, while the corresponding urban area is compact. Note that the 
urban area is far larger than natural city C, including another part that is almost 
overlapped with A. This is the first inconsistence. In fact, A and B together 
constitute another natural city which is compact. To investigate this 
inconsistence, we separate A and B, and examine their sprawling or compact 
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level. It is found that part A is extremely compact, and part B is a bit sprawling, 
so A and B together as one is still compact. In the same way, natural city C is a 
bit sprawling, but A and C together as one is compact due to major contribution 
of A. Besides, A and C together as one has the same boundary of the urban area 
covering New York and New Jersey. For the second and third cases, natural 
cities are far larger than the corresponding urban areas. That can explain why 
there is an inconsistence in the classification between compact and sprawling. 
After the detailed examination of the inconsistent cases, we can remark that the 
above result or the classification is completely consistent, given the difference 
between the boundaries of natural cities and urban areas. 
 
What if we adopt the US Census data of population and urban areas for a similar 
investigation? The result is again similar to what we have illustrated above (c.f., 
Figure 5.8). For the top 25 natural cities or urban areas, only three inconsistent 
cases are identified. Firstly, Chicago changes from early sprawling to compact. 
This change can be blamed on the use of population data, since the existing 
literature (e.g., Sutton, 2003) supports our result that Chicago is a sprawling 
city. The second case changes from early compact to normal. This is indeed a 
little change. More importantly, the natural city has no corresponding urban 
area, which makes little sense to the comparison. The third case changes from 
early compact to sprawling, a dramatic change indeed. However, we note that 
the boundary is increased dramatically, which can justify the change. 

 
 

 
(a) 

 
(b) 

 
(c) 

 
Figure 5.7: Three inconsistent cases between urban areas in red and natural 

cities in blue: (a) New York or New Jersey, (b) Richmond, VA, and (c) Roanoke 
and Lynchburg, VA. 
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Figure 5.8: Top 500 urban areas are classified into sprawl (red), compact (green) 
and normal (yellow) according to urban areas and population correlation 

 
 
5.5. Case study II: measuring urban sprawl of three European countries 
Given the promising result from the first case study, this approach is further 
applied to three European countries: France, Germany and the United Kingdom. 
With the second case study, we adopt natural cities that are delineated from 
street networks rather than through clustering street nodes. The second way of 
defining natural cities is guided by the head/tail division rule (Jiang and Liu, 
2011), an interesting regularity that can characterize many natural and societal 
phenomena in terms of the inbuilt balance between the head and the tail of a 
heavy tailed distribution. Under the revised definition, cities are considered to be 
at the head part of a long tail distribution of human settlements. The revised 
definition of natural cities makes better sense since the early definition of natural 
cities tend to include all human settlements down to the smallest with only a 
single person. 
 
We first plot the natural cities against street nodes, and subsequently note a 
significant correlation between the two parameters as shown in Figure 5.9. This 
is the base for measuring urban sprawl. Next, we again find that the distances 
between the points (representing individual natural cities) to the regression line 
follow a striking lognormal distribution (Figure 5.10), although the mean and 
standard deviation for the parameter log(x) vary from one country to another. 
Following the same procedure in the first case study, we classify all natural 
cities into three categories as shown in figure 5.11. 
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(a) France 

 
(b) Germany 

 
(c) UK 

 
Figure 5.9: Correlation plot between natural cities (physical areas) and street 

nodes for the three European countries 
 
 

 
(a) France 

 
(b) Germany 

 
(c) UK 

 
Figure 5.10: Lognormal distribution of the distance between individual points 

and the regression line in Figure 5.9 
 
 

To this point, we have classified all the natural cities into three categories for the 
three European countries; the statistics is presented in Table 5.1. As mentioned 
above, this result is based on some uniform standard that is comparable across 
an entire country. However, how this result about sprawling or compact cities is 
related to a situation in reality warrants further comparison or verification due to 
a simple fact that the boundaries of natural cities and real cities could be 
different. As illustrated above for the US case study, the relationship between 
natural cities and real cities is not just one-to-one, but one-to-two, or one-to-
many. Also, there is no such a guarantee that the boundaries of natural cities 
completely match those of real cities. However, the above result provides a 
benchmark dataset for cross comparisons. It also provides an effective standard 
to determine whether or not a city is sprawling given the naturally determined 
city boundaries. It is believed that the overall result matches pretty well with the 
general perception about city sprawling or compact. For some cases where real 
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city boundaries deviate too much from natural cities, it is worthy to do the same 
in-depth examination as it did above for the three inconsistent cases with the 
USA. 
 

   
 

Figure 5.11: All natural cities are classified into sprawling (red), compact 
(green) and normal (yellow) for the three countries  

 
 

Table 5.1: Statistics about sprawling and compact cities in the three European 
countries 

 

Country Natural 
cities 

Street 
nodes in 
cities 

Sprawl cities Compact cities 

Number Percentage Number Percentage 

France 1,238 606,324 79 6% 149 12% 
Germany 5,124 1,619,228 687 13% 302 6% 
UK 1,245 817,029 270 22% 73 5% 

 
 

Compared to previous studies relying on population and urban areas or urban 
boundaries auto-detected from remote sensing imagery, our approach to measure 
urban sprawl has some advantages. First, street nodes are defined at the 
individual level rather than as an aggregate level as with populations. Thus, they 
can be a good proxy for populations defined at the individual level. Second, 
unlike urban areas imposed from the top-down through legal or administrative 
means, natural city boundaries are formed from the bottom-up and they are 
naturally and automatically delineated. In this regard, even the city boundaries 
auto-detected from remote sensing imagery are not as good as natural cities due 
to clouds or smoking. However, our approach is not without any problems. The 
OSM data for the four developed countries have a very good coverage, and we 
can trust the data quality for such kind of analysis. Yet for many developing 
countries, the OSM data is far from complete and reliable. In addition, the OSM 
data do not allow us to measure urban sprawl from the temporal dimension. This 
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is probably one critical weakness when compared to remote sensing imagery for 
delineating city boundaries. 
 
 
5.6. Summary 
This chapter developed a new approach to measure urban sprawl using street 
nodes and natural cities. This study abandoned the use of population and city 
boundaries for the measurement, since these data are measured at an aggregate 
level and are criticized for being subjective or arbitrary due to legal and 
administrative factors. Instead it adopted universally available geospatial data 
voluntarily contributed by individuals, and the city boundaries were objectively 
and effectively derived. The street nodes and natural cities replace population 
and real cities for the measurement of urban sprawl. The developed approach 
was verified by the US census data of population and urban areas. This method 
found a very consistent result in terms of classifying sprawling or compact 
cities. And it was further applied to three European countries, and categorized 
all natural cities into three classes: sprawling, compact and normal. 
 
Together with the methodological development, this thesis provided valuable 
datasets about the classification of natural cities for the four developed countries 
across the Atlantic. All the datasets, including street nodes, natural cities, and 
their classification, will be released freely for further studies. Interested 
researchers are encouraged to contact us for access to the data. We hope the data 
can be a benchmark for various urban studies in the future. 
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Chapter 6  

 

Conclusions 

 
 
6.1. Summary 
The main purpose of this thesis is to explore the implications of VGI on urban 
systems in general and to provide a fresh look at some problems faced by the 
traditional studies through adopting VGI source in particular. To achieve our 
aim, this thesis started with the introduction of open source and its subsequent 
influence on many other fields, especially on the location related domain that 
promotes the emerging of VGI which is considered as the main research object 
in this thesis. 
 
As indicated in chapter 2, open source is regarded as a kind of public good 
which is neither rivalrous nor excludable from the economic perspective. This is 
because (1) it can be consumed by anyone without reducing the availability of it 
consumed by others, and (2) no one could be excluded from consumption for it 
is free and accessible to anyone. And hence, it benefits both the contributors by 
increasing their confidence and the consumers by obtaining the free source. 
Furthermore, based on the analysis of the characteristics of open source, this 
thesis comes to a conclusion that this is a spiral activity which is expanding to 
other fields rapidly, especially the location related domain which leads to the 
emerging of VGI. 
 
VGI is discussed thoroughly next from two aspects. First, this thesis 
summarized its characteristics from three different perspectives: (1) it is a kind 
of neogeographic information (Turner, 2007) from the theoretic perspective, and 
(2) it is a wiki based technology from the technical perspective, and (3) it 
inherits the spirit of collective wisdom from open source. Secondly, this thesis 
examined some issues underlying it, namely the knowledge discovery issue, the 
uncertainty or accuracy issue, the human privacy or liability issue, and the 
underlying driven force issue. Moreover, this thesis concluded that VGI is 
experiencing a rapid growth and witnessing a continuous prosperity, although it 
still needs a complete theory model to hold. In particular, the first issue is the 
main topic of this thesis, as we can see from both chapter 4 and 5, where we 
apply the OSM source to examine the city size distribution and urban sprawl 
respectively. 
 



 

82 
 

OSM is designed and constructed on a web 2.0 technology based platform, and 
it is evolving in a rapid speed both in the number of registered users and the 
amount of geographic data. Besides, it is known that OSM adopts a key-value 
pair based data model to manage the shape data and attribute data seamlessly. 
This key-value design is based on the taxonomy of the entities of the complex 
real world, which allows the abstract or virtual decomposition of the features in 
the real world. Thus, based on the abundant OSM source and its data structure, 
this thesis presented the procedure of extracting street node dataset at the end of 
chapter 3. Subsequently, street nodes defined in this thesis and the derived 
natural cities are taken as the main datasets for the following studies.  
 
Two important issues are investigated in chapter 4 and chapter 5 respectively. 
One is to answer the questions of whether Zipf’s law holds well for all the cities 
of US without truncations in the city size, or even without the limitation of 
geographic scale such as different regions, e.g. whether natural cities within 
individual states obey Zipf’s law. The other one is to study the urban sprawling 
problem undergoing the process of urbanization, and to propose a new approach 
to demarcate the cities into three categorizations according to the sprawling 
level: sprawling city, compact city, and normal city. 
 
 
6.2. Achievements 
The achievements obtained in this thesis could be classified as two categories. 
First of all, our study is data intensive, e.g., we extracted a massive street node 
dataset (almost 25 million) from a 120 gigabytes OSM source and derived 
totally 14 million natural cities dataset for this investigation. Both the street 
nodes and the natural cities datasets are released publicly for the research 
community. The second one is that this thesis employs the street nodes and the 
natural cities datasets to discover hidden knowledge around the urban systems. 
The findings are around two issues: Zipf’s law for city size distribution and the 
measurement of urban sprawl. 
  
To answer the questions of whether Zipf’s law holds well for all the cities of US 
without truncations in the city size, or even without the limitation of geographic 
scale such as different regions. Our findings suggest that (1) Zipf’s law holds 
remarkably well for all the natural cities of US, whereas it is found that the size 
of US Census urban area does not follow the Zipf’s law strictly but instead 
follows Power law distribution with the scaling exponent a little deviation from 
1.0. (2) Zipf’s law is not universal as far as the natural cities within individual 
US state are concerned, and this points to the complex mechanism of city 
evolution which is impacted by multifaceted factors, such as the economic, 
politic, social, etc.  
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To measure the urban sprawl for natural cities, this thesis firstly finds that the 
street nodes are significantly correlated with population of cities in US, which 
provides a basis to set street nodes as a proxy of population to measure urban 
sprawl. This thesis further finds that a linear formula fits well for the 
relationship between the city sizes and street nodes, with a correlation 
coefficient up to 0.97. This remarkably linear relationship is contrary to the 
allometric growth of urban systems. Based on these findings, this thesis 
proposes a new approach to measure urban sprawl based on the “sprawl ruler”: 
in the plot with the x axis representing city physical sizes, and the y axis 
representing street nodes, sprawling cities are located below the regression line, 
compact cities above the regression line, and normal cities along the line. This 
thesis further verifies this approach using urban areas and population from the 
US Census, and then applies the approach to three European countries: France, 
Germany, and the United Kingdom for the categorization of natural cities into 
three classes: sprawling, compact, and normal. This categorization sets a 
uniform standard for cross comparing sprawling levels across an entire country. 
 
 
6.3. Outlook 
As examined in chapter 4, we hope that there is certain association between the 
scaling exponents and the inner structure of a specified region, such as one state 
in US. The inner structure could be represented as the combination of economic 
index, politic factor, etc. Therefore, this postulation requires further study so that 
we could explain the reason why individual state exhibits different scaling 
exponents. 
 
Besides, it is worthy of studying the dynamic character of urban sprawl for 
individual natural city. This is different from the way this thesis examined 
above, namely the comparison from one natural city to another. And hence, time 
series analysis will be exploited to investigate this issue. Apart from the time 
series analysis, the fractal measurement for natural cities and especially the 
relationship between the fractal dimension and the sprawl level of natural cities 
should be put on the future work list. 
 
More importantly, a city growth model is planned to be built to simulate the 
evolution of urban area. Specifically, the city growth model could be described 
by the growth of the street network. Based on the simulated urban area and 
street network, it is possible to revalidate the results obtained in this thesis. In 
this respect, some explanations on the underlying mechanism of city evolution 
are expected to be given. Therefore, this simulation work deserves a high 
priority on the further work. 
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Finally, it is generally known that human activity plays an important role on the 
urban systems. A thorough investigation on the behavior of human kind is 
helpful for understanding the evolution of cities. Thanks to the prosperity of 
Flickr, a huge amounts of location related data is available with the help of 
Flickr API. These massive geographic data are valuable to the study of human 
activity. Therefore, the further work is also around the investigation of Flickr 
source to explore the impact on urban systems imposed by human activity. 
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