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I 

Abstract 
 

 

A city consists of many elements such as humans, buildings, and roads. The complexity of 

cities is difficult to measure using Euclidean geometry. In this study, we use fractal 

geometry (scaling analysis) to measure the complexity of urban areas. We observe urban 

development from different perspectives using the bottom-up approach. In a bottom-up 

approach, we observe an urban region from a basic to higher level from our daily life 

perspective to an overall view. Furthermore, an urban environment is not constant, but it is 

complex; cities with greater complexity are more prosperous. There are many disciplines 

that analyze changes in the Earth’s surface, such as urban planning, detection of melting ice, 

and deforestation management. Moreover, these disciplines can take advantage of remote 

sensing for research. This study not only uses satellite imaging to analyze urban areas but 

also uses check-in and points of interest (POI) data. It uses straightforward means to 

observe an urban environment using the bottom-up approach and measure its complexity 

using fractal geometry.  

 

Web 2.0, which has many volunteers who share their information on different platforms, 

was one of the most important tools in this study. We can easily obtain rough data from 

various platforms such as the Stanford Large Network Dataset Collection (SLNDC), the 

Earth Observation Group (EOG), and CloudMade. The check-in data in this thesis were 

downloaded from SLNDC, the POI data were obtained from CloudMade, and the nighttime 

lights imaging data were collected from EOG. In this study, we used these three types of 

data to derive natural cities representing city regions using a bottom-up approach. Natural 

cities were derived from open geographic data without human manipulation. After refining 

data, we used rough data to derive natural cities. This study used a triangulated irregular 

network to derive natural cities from check-in and POI data. 

 

In this study, we focus on the four largest US natural cities regions: Chicago, New York, 

San Francisco, and Los Angeles. The result is that the New York City region is the most 

complex area in the United States. Box-counting fractal dimension, lacunarity, and ht-index 

(head/tail breaks index) can be used to explain this. Box-counting fractal dimension is used 

to represent the New York City region as the most prosperous of the four city regions. 

Lacunarity indicates the New York City region as the most compact area in the United 

States. Ht-index shows the New York City region having the highest hierarchy of the four 

city regions. This conforms to central place theory: higher-level cities have better service 

than lower-level cities. In addition, ht-index cannot represent hierarchy clearly when data 

distribution does not fit a long-tail distribution exactly. However, the ht-index is the only 

method that can analyze the complexity of natural cities without using images. 

 

 

Key words: Open geographic data, box counting fractal dimension, head/tail breaks 

classification, lacunarity, natural cities.  
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1. Introduction 
 

 

The complexity of an urban hierarchy is not like the length, weight, width, etc., which is 

hard to measure by Euclidean geometry. This study proposes to use the fractal geometry or 

so-called scaling analysis to measure the complexity of urban. By the scaling analysis, the 

complexity of urban can be uncovered. Moreover, it can help us to understand the real 

pattern of the urban. Furthermore, this study uses a method, called natural cities, to derive 

the city regions from the open geographic data and without any human manipulation (Jiang 

& Miao, 2015). This study uses the rough data to obtain the information and using the 

information to achieve the higher target: knowledge. It uses the bottom-up concept to derive 

the natural cities then measure the complexity of it. The bottom-up concept means the 

procedure of data processing: from data to knowledge. Moreover, open geographic data can 

be straightforward represent our daily life. This study uses three scaling analysis methods, 

box counting fractal dimension (BD), lacunarity, and head/tail breaks index (ht-index) to 

measure the dynamic and static underlying patterns of the region of the United States of 

America (USA). Scaling means non-scale or scale-free (Jiang & Yin, 2014). Natural cities 

are one kind of the complexity pattern because it hard to forecast. Thus, this study uses the 

scaling analysis to reveal the complexity of natural cities. This chapter gives a brief 

introduction to the background of the open geographic data source. Furthermore, this 

chapter gives an overview of this research, which will help the reader more easily 

understand the framework. 

 

 

1.1 Background of this study 
 

Nowadays, the development of human society is rapidly changing the whole world. To 

understand urban development, it is necessary to plan the correct policies for future 

development. Moreover, the urban is complex and hard to measure by the Euclidean 

geometry. Euclidean geometry can be used to measure such as the length, density, and width. 

However, it is hard to dissect the complexity. In this regard, this study would like to use the 

fractal geometry (scaling analysis) to measure the complexity of urban regions. We wish to 

point out the useful method to explain the complexity of urban. Furthermore, the advantage 

of using fractal geometry to measure the complexity is convenient and meaningful. For the 

spatiotemporal background of science, the environment can provide more opportunities and 

better prospects for developing the geographic information system (GIS), which is useful 

for managing the current geographic information of the Earth’s surface. In addition, 

research can use the GIS function to measure the extent of the urban development process 

or the natural landscape. Furthermore, the image of remote sensing (RS) can supply useful 

data for monitoring the Earth’s surface such as melting ice, deforestation, urban sprawl, etc. 

 

Through the literature review, previous studies confirm the achievement and usability of 

nighttime lights imaging and check-in data to derive natural cities for urban studies or other 

related research of human settlement and society. The purpose of urban research is to 

identify city boundaries by significant landmarks and determine appropriate development 

policies or planning for the city. On the one hand, nighttime lights imaging data is the most 

common way to find the boundaries of cities by determining the threshold value, which is 

useful for eliminating the influence of images. The bloom effect is a possible error of 

nighttime lights images. On the other hand, the appropriate threshold value to determine the 
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boundaries of natural cities is necessary. In addition, this thesis uses check-in data and POI 

data to derive the natural cities via the triangular irregular networks (TIN). When using TIN 

for deriving natural cities, we must make sure the points of the shapefile do not have any 

bias. For example, the points that are outside of the study area should be removed; the 

points that duplicate in the same location should be reduced until the point is unique in 

anywhere.    

 

The growing process of natural cities can reveal the evolution of real urban area (Jiang & 

Miao, 2015). Following this idea, this study uses three types of open geographic data to 

derive natural cities and cross-compare of the result to verify it. We use three different 

sources of open geographic data to calculate the city boundaries; by this way to make sure 

the result of natural cities is accurate enough. However, the open geographic data will 

update so quickly that we can only use the newer data than before. After this thesis has been 

published, the data source may have the latest update data can be used. On the other hand, 

the central idea of this study is head/tail breaks classification method that can catch up the 

real pattern of open geographic data.  

 

In general, the head/tail breaks is useful to eliminate the influence pixels from nighttime 

lights imaging data (Jiang & Yin, 2014; Liu, 2014). It can also be used to calculate the 

ht-index to determine the complexity of natural cities, which is derived from the check-in 

and POI data. The final expectation of this study is to obtain the natural cities from three 

kinds of data, such as check-in data, POI data, and nighttime lights imaging data. Moreover, 

this study uses natural cities to measure the complexity of the US region by the BD, 

lacunarity, and ht-index.  

 

 

1.2 Motivation of this study 
 

The hierarchies of cities can be characterized by the development level, the service rank, 

and population density. In addition, the regions of urban areas are usually determined by 

significant boundaries such as rivers, mountains, oceans, or longitude and latitude. However, 

the boundaries of cities are not constant or fixed. Therefore, this study uses a bottom-up 

concept to derive the boundaries of cities without any human influence or manipulation. 

These are called natural cities and are used to measure the complexity of the US. 

Furthermore, this study will use the BD, lacunarity, and ht-index to measure the urban 

development of the US, and uncover which places are more complex than others. The US is 

one of the richest countries, and its open geographic data is more complete than other 

developing or undeveloped countries. Thus, the quality and the quantity of the open 

geographic data are pretty sufficient. 

 

The study areas of this project are in the continental US in North America, bordered by 

Canada to the north. Because the US is known as the richest country in the world, its 

developments and changes are interesting and worthwhile to study. Moreover, the US is a 

developed country that has much more complete, free geographic data, or open information, 

available for analysis. In addition, this case study can become the standard for other 

countries when planning urban development or making human societal policies. We follow 

the study of Jiang & Miao (2014) and uncover the four largest natural cities’ area of whole 

US: Chicago, New York, San Francisco, and Los Angeles. For this reason, we would like to 

cross-compare the results of these four cities with these three types of open geographic data. 
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From this point, we select the same city regions of US in this study. Most previous urban 

studies only used one kind of data, which does not cross-compare with different kinds of 

data sources.  

 

As a result, the primary motivation of this study is inspired from the article: The evolution 

of natural cities from the perspective of location-based social media (Jiang & Miao, 2015). 

It uses the check-in data to catch up the real pattern of a city region. This study follows the 

central idea of that article to obtain the natural cities from three kinds of open geographic 

data. We wish it can more completely the scheme of derive natural cities from different 

types of open geographic data. Moreover, this study will provide a new way to measure the 

complexity of city regions by scaling analysis.  

 

 

1.3 Aims of this thesis 
 

This thesis explores the information behind the big open geographic data that can represent 

places for human society or commercial activity and which regions of the country are more 

complex. This thesis starts from collating open geographic data, and then derives the natural 

cities. Moreover, it uses three types of scaling analysis: ht-index, box-counting fractal 

dimension and lacunarity to measure complexity. This study has three specific sub-aims to 

complete its general goal. 

 

 AIM A: Collate the three types of open geographic data from different platforms. 

 AIM B: Derive the natural cities from the collected of open geographic data. 

 AIM C: Analyze the fractal dimension, lacunarity, and ht-index of natural cities. 

 

These three sub-aims contribute to the general goal of this thesis to analyze natural cities 

derived from different kinds of open geographic data sources, measured by BD, lacunarity, 

and ht-index to define the complexity of each region, and uncover which ones are more 

intricate in the US by a bottom-up mindset. This project also uses static and dynamic 

analysis, respectively. Therefore, the first aim of this study is to collate the big data obtained 

from the open geographic data sources. After removing the bias of the big data, it will 

become useful material for the thesis. The second aim of this study is to derive the natural 

cities without any manipulations, which can reflect the places that are the real world of 

human society or settlement. The third aim is to analyze the results of the natural cities that 

are defined by this study. As a result, this study will use three methods of scaling analysis to 

measure the natural cities and reveal their complexity. 

 

 

1.4 Organization of the thesis 

 
Figure 1.3 is an overall view of this thesis. It consists of five primary parts: (1) introduction 

of the study background, motivation, aims, and organization; (2) the theories of fractal and 

open geographic data; (3) explanation of the three kinds of free geographic data processing; 

(4) illustration and discussion of the results; and (5) conclusion and future work. This thesis 

consists of seven chapters. Chapter one introduces and gives an overview of this thesis and 

a brief description of the study background, the motivation of this study, the study area, the 

aims of this study, and thesis organization.  

Chapter two is a literature review with fractal dimension, BD, and the theory of free 
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geographic data sources, based on Web 2.0. Chapter three elaborates on the theoretical 

foundation of the GIS, scaling analysis, head/tail breaks classification and natural cities. 

Chapter four explains and illustrates the methods of the data processing and FracLac 

calibrating. Chapter five demonstrates all results from chapter four, which includes the 

nighttime lights imaging data, check-in data, and POI data. Chapter six discusses the 

suggestions for the future work. Final chapter presents all the references. Appendices A and 

B show exhaustive of tutorials for processing of POI data and a comprehensive elaboration 

to FracLac manipulation. 

 

 
 

Figure 1.1 The structure of this thesis 
 

Generally speaking, this study contains five important parts. The final goal of this thesis is 

to measure the complexity of urban areas by a truly bottom-up mindset. In addition, it can 

also give some indices or suggestions for future urban planning on the future. Chapter two 

is a literature review to understand the basic principles of this study.  
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2. Theories and foundations of this study 

 

 
This chapter explains the theory foundation and application of the POI data, check-in data, 

and nighttime lights imaging data. It also presents the theories of fractal images and fractal 

dimensions, which are essential notions of this study. Therefore, this chapter starts from the 

concept of fractal dimension and then elaborates on the relevant various works of the open 

geographic data sources and application of it. This chapter consists of two main sections. 

The first section briefly introduces the concept and characteristics of fractal images and 

fractal dimensions. It is clearly for understanding the central concept of the fractal 

dimension and BD in detail. The second section introduces Web 2.0 and the application of 

three geographic open databases. Personal computing is popular, and the Internet is 

universal causes free geographic data can be globally exchanged quickly and conveniently 

(O’Reilly, 2005; Sui, 2005; McAfee, 2006; Goodchild, 2010).  

 

 

2.1 Fractal and fractal dimension  

 
Fractal dimension, or fractional dimension, was named by Mandelbrot (1967). More 

recently, the newer concept of fractal dimension, called box counting fractal dimension, was 

introduced (CSU, 2004). These two dimensions calculate the slope of the regression line 

similarly, such as 𝑙𝑜𝑔(𝑁) /𝑙𝑜 𝑔(𝑟) of fractal dimension and 𝑙𝑜𝑔(𝑁𝜀) /𝑙𝑜𝑔(𝜀) of BD. The 

first section explains that what are the different between these two proper nouns at 

following context. The world fractal means broken, from the Latin adjective fractus (Jiang, 

2015). Obviously, a natural city is a kind of fractal image that can be analyzed by FracLac 

software, which measures the BD. There are more detailed descriptions in the next 

paragraphs. 

 

2.1.1 Fractal image and fractal dimension  

 

This section explains the fundamental concepts of fractal image and fractal dimension. In 

geographic features, many scenes seem irregular, disarrayed, coarse, and hard to measure by 

Euclidean geometry. Actually, natural landscape features are difficult to describe by their 

widths, lengths, and heights based on Euclidean geometry, because the landscape is just like 

a fractal image (Jiang & Yin, 2014). Therefore, a Koch line or Koch snowflake is an easy 

way to understand the fractal image. A Koch curve is an exact self-similarity fractal, with a 

fractal dimension of 1.26, which can be calculated by 𝑙𝑜𝑔(𝑁 = 4) /𝑙𝑜 𝑔(𝑟 = 3). An exact 

self-similarity fractal is uncommon in a natural landscape. However, the natural landscape is 

a fractal images, and also has self-similarity, but not as exact as a Koch curve. One famous 

instance of this is the British coastline, which is a statistically self-similarity fractal image. 

Figure 2.1 shows the fractal images which are the Koch snowflake, the quadratic flake, and 

the Sierpinski carpet. 

 

Exact fractal images have the feature of self-similarity. They split by a specific scale and 

increase the specific number of segments or squares at the same time, such as a Koch line, 

Koch snowflake, Sierpinski carpet, and quadratic flake. Each exact fractal image has a 

unique fractal dimension that can be calculate by 𝑙𝑜𝑔(𝑁) /𝑙𝑜𝑔(𝑟). N is the specific number 

of segments the exact fractal image has, and r is the specific size to which the exact fractal 

image narrows down. In the exact same fractal image, each N and r is corresponding. The 
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𝑙𝑜𝑔(𝑁) /𝑙𝑜𝑔(𝑟) can obtain the same result each time. For example, a Koch flake has a 

dimension of 1.26, a quadratic flake has a dimension of 1.37, and a Sierpinski carpet has a 

dimension of 1.89. 

 

   
(a) (b) (c) 

 

Figure 2.1 Three types of fractal images  
(Note: (a) is the Koch snowflake image with three iterations; (b) is the quadratic flake with three 

iterations; and (c) is the Sierpinski carpet with four iterations. These three fractal images are separate 

into the boundary part (a), (b), and solid part (c). The concept of fractal dimension is the same, such 

as 𝑙𝑜𝑔(𝑁) /𝑙𝑜𝑔(𝑟).) 
 

After decrypting the basic concept of fractal image, this paragraph explains the formula of 

fractal dimension in detail. Mandelbrot (1967) named the fractal dimension or fractional 

dimension as a kind of self-similarity image. A series of fractal images has the same feature, 

but in different sizes and segments. Fractal images are split into several iterations, and the N 

and the r correspond at each iteration. In Figure 2.2, for a Koch line with one iteration, the 

numbers of segments is four, and it will be increased four times when the iteration is 

increased at each level. Furthermore, the segment length is reduced by one-third at each 

level of Koch line, and the fractal dimension is 𝑙𝑜𝑔(4) /𝑙𝑜𝑔(3) = 𝑙𝑜𝑔(16) /𝑙𝑜𝑔(9) = 

𝑙𝑜𝑔(64) /𝑙𝑜𝑔(27) = 1.26. Therefore, the fractal dimension is defined as the change ratio at 

which scale and segment are the same (Mandelbrot, 1982; Jiang & Yin, 2014). In this case, 

the N increased four times at each level and r increased three times at each level. 

 

 

 
Original Iteration 1 

  
Iterations 2 Iterations 3 

 

Figure 2.2 Koch line split from one iteration to three iterations 

(Note: In one iteration, N = 4; r = 3. When split to two iterations, N = 16; r = 9. At three iterations, N = 64; r = 

27. Therefore, N is always multiplying four times at each iteration, and r is always multiplying three times at 

each iteration.) 
 

Besides, Salingaros (2012) also used the square fractal gasket to elaborate the fractal 

dimension fundamental concept of the correspondence of 𝑙𝑜𝑔(𝑁) /𝑙𝑜𝑔(𝑟). The fractal 

dimension of the square fractal gasket is 𝑙𝑜𝑔(5) / 𝑙𝑜𝑔(3) = 1.46. Therefore, the formula 

for fractal dimension and the fundamental concept are clear. Figure 2.3 shows the square 

fractal gasket for detail.  
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Original Iteration 1 Iterations 2 

 

Figure 2.3 The square fractal gasket  
(Note: The fractal pattern starts from a filled-in square of side L and divide it into nine smaller 

squares with L/3 lengths, and increases the five small squares by L/3 length. This is then duplicated 

at every iteration. Therefore, the fractal dimension of the square fractal gasket is 𝑙𝑜𝑔(5) /𝑙𝑜 𝑔(3) =
1.46.) 

 

Generally speaking, the fractal dimension can be defined as 𝐷 = 𝑙𝑜𝑔(𝑁) /𝑙𝑜𝑔(𝑟), with N 

as the total number of segments to cover the whole pattern or fractal image at the specific 

size, and r as the measuring scale (Jiang & Yin, 2014). The next section elaborates upon the 

term BD. 

 

2.1.2 Box counting fractal dimension and space-filling 

 

The regular definition of BD is that the slope of the regression line for the box size (scale) 

and number of boxes counted from the scan in log-log plot (CSU, 2004). Therefore, the 

fractal pattern is considered an image and uses FracLac to analyze the BD. The FracLac 

software is based on ImageJ (a kind of Java image-processing and analysis program 

inspired by the National Institutes of Health Image for the Macintosh computer) (Ferreira & 

Rasbamd, 2012). ImageJ can open the file in several formats, such as TIFF, JPEG, GIF, 

BMP, FITS, DICOM, and raw data (CSU, 2004; Ferreira & Rasbamd, 2012).  

 

Using FracLac to scan the entire fractal image will not only obtain the BD, but also the 

lacunarity. The scan principle of FracLac can set the hierarchies of box size to count the 

whole image in which the pattern exists. The result of the scan is built as a text file that can 

be opened by Excel, and show the precise value of 𝑁𝜀, 𝜀 and the slope of the regression 

line by 𝑙𝑜𝑔(𝑁𝜀) /𝑙𝑜𝑔(𝜀). The term 𝜀 is the counting box size or box scale at a sample, and 

𝑁𝜀 is the hierarchy of 𝜀 corresponding to the total number of counting boxes. Therefore, 

each hierarchy of 𝑁𝜀 and 𝜀 corresponds to each other. Because the box size is not exactly 

suited with every fractal segment, the result of BD is a little bit different from the standard 

value calculated by mathematics. However, the fundamental concept and formula of BD is 

the same as tradition fractal dimension and can be easily calculated by scanning the whole 

image. A value of BD can be found that is close to the standard value. Chapter four has 

more detail on BD. Moreover, Appendix A covers the step-by-step method of applying 

FracLac software. 

 

The BD also has a concept about space-filling. Figure 2.4 shows that a smooth line has a 

dimension of one (either straight or curved), whereas an area fills in a two-dimensional 

region and has a fractal dimension of two (Salingaros, 2012). Therefore, the fractal 

dimension in a two-dimensional region is between one and two. In Figure 2.4, it is easy to 

understand the notion of space-filling, but the images only can give the concept of 

space-filling. They are not rigorous fractal images. A clear concept of space-filling can be 

built. When the pattern is more filled in a two-dimensional region, the space-filling is 
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increased. There is an important thing to be clarified. The exact self-similarity fractal has 

the same fractal dimension at every iteration, but the space-filling will increase when the 

iterations increase.  

 

 
   (a) (b) (c)   (d)  

 

Figure 2.4 Fractal lines of increasing dimension. 

(Note: (a) D = 1, not fractal; (b) D = 1.2; (c) D = 1.7; and (d) D = 2, not fractal. These figures are 

drawings, not exact self-similarity fractal images (Salingaros, 2012).) 
 

After the section elaborating on the concept of the BD and space-filling, the notion of 

lacunarity should be mentioned. Lacunarity means gappiness or visual texture in the figure 

(CSU, 2004). It measures heterogeneity or translational rotational invariance in an image. 

FracLac can determine the lacunarity, based on the pixels in a standard box counting. The 

formula of lacunarity is 𝛬𝜀 = (𝜎/𝜇)2, and the 𝛬𝜀 means lacunarity in a sample box size 

corresponding to ε. The (𝜎/𝜇)2 means the square of the standard deviation of a box 

counting to divided the average value of box counting. It can quickly determine which 

pattern is more broken or tattered. 

 

In detail, the BD has the same concept as traditional fractal dimension. In addition, the BD 

also has a space-filling concept. When the fractal image has higher iterations, the BD will 

also increase. Moreover, FracLac can simply, quickly obtain the analysis result of BD and 

lacunarity by scanning a fractal image. Therefore, it increases the feasibility of this study to 

measure the complexity of natural cities. This section elaborated the theories of fractal 

dimension and BD. We focus on the BD, because of the BD can point out the dimension of 

a natural landscape such as coastline, mountain shape, etc. The fractal image of natural 

cities that are not like the strict fractal image cannot be calculated as Koch snowflake or 

Sierpinski carpet. Thus, the BD is a useful and powerful method can use to measure the 

complexity of natural cities in this study.    

 

 

2.2 Open geographic data based on Web 2.0 

 
Web 2.0 is a group of websites that use technology that is better than earlier websites. There 

is a big different between Web 2.0 and Web 1.0. With Web 1.0, the user can only receive 

information or data from the Internet. With Web 2.0, any user can not only get information 

but also can upload and share it with others. The term Web 2.0 was created by DiNucci but 

popularized by O’Reilly in 2004 (DiNucci, 1999; O’Reilly, 2005). Some of the websites 
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such as Wikipedia or OpenStreetMap permit users to establish and share the global 

geographic information through their own computer or mobile device. Google Earth 

encourages volunteers to develop exciting applications using their own data (Goodchild, 

2007; Sui, 2008; Hudson-Smith et al., 2009; Sui & Goodchild, 2011).  

 

This section is divided into three parts to introduce the open geographic data that emerged 

from Web 2.0. The first part talks about location-based social media, and the second part 

focuses on POI data obtained from the CloudMade platform that accepted user whom to get 

the data easily. Finally, the third part uses the 2012 US nighttime lights imaging data 

obtained from EOG. Overall, the data in this thesis was obtained from open geographic data 

available on the Internet. 

 

2.2.1 Check-in data from Brightkite 

 

Check-in data uses a kind of technology called location-based service (LBS). The social 

media based on LBS allows any user to use their smartphone, tablet, and laptop to log into 

platforms such as Facebook, Brightkite, and Twitter via the internet. When they log in, the 

social media company can obtain the log-in time, longitude, latitude, and user ID to create a 

mass database called check-in data (Koeppel, 2000; Jiang & Yao, 2006; Prasad, 2006; 

Hollenstein & Purves, 2010; Jiang & Miao, 2015). LBS is commonly defined as a system 

that uses “the application or service that related to spatial information processing or 

geographic coordinate system to obtain the user’s information via the internet or wireless” 

(Koeppel, 2000; Jiang & Yao, 2006; Jiang & Yao, 2010). Prasad (2006) defines LBS as 

having “the ability that to get the longitude and latitude of mobile device and can provide 

the service based on the geographic location information from a mobile device.” Moreover, 

other researchers state that LBS comprises the data and information collect from the user’s 

mobile telecommunication network related to the geographic coordinate system (Shiode et 

al., 2004; Jiang & Yao, 2006).  

 

Sadoun and Al-Bayari (2007) noted that one of the most important functions in LBS is 

positioning at longitude and latitude, with GPS being the most widely recognized system. 

Contributions from electronic devices, such as smartphones, laptops and tablets, are very 

ubiquitous today. It is important to integrate GIS technology and computing to meet the 

needs of LBS (Sadoun & Al-Bayari, 2007). Through LBS, GPS can find the user’s exact 

longitude and latitude from their mobile device and provide services based on this position 

information (Koeppel, 2000; Jiang & Yao, 2006; Prasad, 2006; Hollenstein & Purves, 2010; 

Jiang & Miao, 2015). Smartphones are very popular today, along with social media such as 

Facebook, Twitter, and Brightkite. Any user can update their personal information anywhere 

with their mobile device through the internet. When users log into their social media 

accounts, no matter which one of the platforms, GPS can record their geographic location. 

Check-in data technology is based on both LBS and GPS. Moreover, messages with the 

coordinates can quickly and conveniently be exchanged via the internet, allowing everyone 

to get the information easily. The next paragraph discusses the LBS application and social 

media to uncover users’ locations to find where they like to visit and those places that are 

more convenient for business activity. 

 

In marketing, there are three critical Rs: Right time, right place, and right person. Taking 

advantage of location-based social media can let more people recognize and understand 

businesses or services that are provided. LBS can let us use in-car navigation or make 

emergency phone calls (Schiller & Voisard, 2004). We can also use it to check in on 



10 
 

Facebook, Twitter, Flickr, and Brightkite (Koppel, 2000; Jiang & Yao, 2006; Prasad, 2006; 

Hollenstein & Purves, 2010; Jiang & Miao, 2015). Mobile devices equipped with a GPS 

based on satellite navigation systems can locate user position. Location also may be 

retrieved by using a quick response code (Brimicombe & Chao, 2009; Barak & Ziv, 2012). 

 

LBS applications can also synchronize information for living databases when users check in 

at a location (Koppel, 2000; Jiang & Yao, 2006; Prasad, 2006; Hollenstein & Purves, 2010; 

Barak & Ziv, 2012). This kind of processing generates a new style of information that 

transmits, compiles, creates, and selects a user’s current location and that of other users 

(Küpper, 2006). Brimicombe and Chao (2009) indicate that all applications share three 

aspects: Location, time, and constant internet connection. Human activity, such as travel, 

learning, and social interactions has changed due to location-based applications (Ahson & 

Ilyas, 2010; Brown et al., 2011). Barak and Ziv (2012) point out that location-based 

applications include: Navigation, GIS systems (such as Google Maps or car navigation); 

location-based social networks (such as Facebook, Twitter, and Brightkite); location based 

ads (such as Whatsup and Facebook places); and location-based games.  

 

By integrating the advantages of LBS and online social networking, a new application tool 

for social networks, location-based social networking (LBSN) was proposed (Fusco et al., 

2012). LBSN applications allow people to look up their friends’ locations via a smartphone, 

laptop, or other device (Fusco et al., 2012). Obviously, LBS can be widely used in a world 

with plentiful human’s life. Check-in data considers the population to see which places are 

accessible. Using check-in data to derive the natural cities and reflect the urban areas is 

more reality-based than a top-down concept. The next section is a literature review of POI 

data, which is a kind of open geographic data source based on a volunteered geographic 

information (VGI) system. 

 

2.2.2 Fundamental background of POI 

 

Before elaborating on the fundamentals of POI, the basic concepts for VGI and OSM must 

be mentioned. First, there is the notion of data sharing by volunteers; a crowd of amateurs 

who do not have professional training to create an open geographic database. Goodchild 

(2009) suggested the term VGI to substitute the concept of the new geography that often 

mislead that academic geography is redundant. Therefore, OSM data is based on VGI. With 

a global cast of volunteers, OSM is considered one of the most fruitful, attractive VGI 

projects (Goodchild, 2009; Fan et al., 2014). Currently, OSM users number more than 1.4 

million registered members (OSM, 2014; Fan et al., 2014).  

 

However, someone may be concerned with the quality of open geographic data and that the 

data does not have enough credibility and reliability. A number of researchers are studying 

the quality of OSM data to explain the credibility and reliability of open geographic data. 

Hagenauer and Helbich (2012) noted that their studies all indicate that urban areas are better 

mapped in open geographic data. That is for sure, because the mature urban regions have a 

higher population density with larger numbers of contributors that provide their free data 

and will be renew quickly (Girres & Touya, 2010; Haklay et al., 2010; Fan et al., 2014). 

Thus, this study selected the US to analyze since the quality and quantity of data source 

have been verified.  
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For detail, the relationship between VGI, OSM, and POI are explain as below. In the VGI 

project to establish the OSM data, there are three kinds of features in the data: Points, 

polyline, and polygon. This study focuses on the information of points feature, or the POI 

data. Nowadays, the open geographic data provided by the OSM platform has become the 

foundation for scientific research (Goodchild & Glennon, 2010). Because of the OSM, big 

data can be quickly and conveniently collected. Many areas of research can take advantage 

of open geographic data, such as urban studies, pollution control, and environment 

protection. The OSM project was founded in 2004 and became one of the most famous open 

geographic data sources based on VGI (Mooney et al., 2010). Many scientific studies are 

based on this massive open database (Fan et al., 2014). For example, Haklay (2010) 

published an investigation of English roads based on OSM data. VGI is described as a 

crowd of people without formal training, who created data to share with others, similar to 

crowd-sourcing (Goodchild, 2007; Goodchild & Li, 2012) 

 

Generally speaking, OSM data contributes to the subjects of spatial analysis and modeling 

(Corcoran et al., 2013). Moreover, this thesis uses POI data based on the open geographic 

data contributed by the VGI and OSM systems. POI data contains lots of information, such 

as schools, shopping malls, bus stations, train stations, airports, hospitals, and supermarkets. 

It provides useful information for car navigation, pointing out locations in which people 

may be interested. On the other hand, regions with more POI data are more prosperous and 

easier for business activity. 

 

POI data provides a high quality and quantity of information that can represent the US 

urban development level. For instance, a highly urbanized region will contain more 

information. Because of higher urban hierarchy, such areas usually can provide greater 

service to people. In addition, a city with excellent service means it is more prosperous and 

has more construction. This thesis focuses on the continental US, excluding Hawaii and 

Alaska. Therefore, using POI data to derive natural cities can give a new perspective in 

analyzing the complexity of urban areas. The next section introduces the third open 

geographic data: nighttime lights imaging data obtained from EOG. 

 

2.2.3 Nighttime lights imaging data 

 

This section reviews the literature of nighttime lights imaging and discusses the 

fundamentals of satellite imaging. The DMSP-OLS has been used to observe the nighttime 

lights on the Earth’s surface since the 1970s (Elvidge et al., 1997; Liu, 2014). The 

phenomenon of urban sprawl, or suburbanization, is related to human society, economic 

development, and public policy. Moreover, urbanization is living, not constant, because 

urban development is always sustained. Nowadays, a convenient way to observe the change 

in an urban area is by using the satellite sensor to scan the whole country. 

 

The satellite sensor can get spot-reflected or emitted energy from the object and represent it 

as an image. Because an object has a unique characteristic, that feature can be used to 

analyze the composition of the image. There are four kinds of resolution used to measure 

the image: Spatial resolution, spectral resolution, radiometric resolution, and temporal 

resolution. The temporal resolution is usually used to monitor a certain area to observe 

change. For instance, oil spills, melting ice, and forest fires can be viewed at different times 

in the same regions to uncover the change in a particular area (Elvidge et al., 1997; Imhoff 

et al., 1997; Lillesand et al., 2004). 

 



12 
 

DMSP-OLS obtained and processed the data from 2,210 orbits acquired between 1992 and 

2001 to produce georeferenced images of lights and clouds of the southern California region 

(Lunetta & Lyon, 2004). Imhoff et al. (1997) used the thresholding technique to uncover 

nighttime lights images of the US. Moreover, Elvidge et al. (1997) also use the thresholding 

method to reveal nighttime lights images of Europe and the US in 1995. More recently, Liu 

et al. (2012) and Ma et al. (2012; 2014) used nighttime lights images to discover the urban 

expansion in China from 1992 to 2008. Therefore, an appropriate threshold is necessary for 

the satellite image to determine the boundary of an urban area.  

 

Currently, the nighttime lights imaging data is available from the EOG website and the 

complete data resource can be downloaded from 1992 to 2012. This study used the newest 

nighttime lights imaging data to extract natural cities for analysis. This study does not have 

to calibrate data from different satellites. Nighttime lights imaging data is a convenient 

method to extract the urban boundary from a bottom-up mindset (Liu et al., 2012; Ma et al., 

2012; 2014). Nighttime lights can estimate areas of human settlement. These places are 

convenient for human society or business activity. 

 

Overall of the theories review, the first section of Chapter two reviews the fundamental 

theory of fractal image and fractal dimension. The second section focuses on the open 

geographic data and elaborates on check-in data, POI data, and nighttime lights imaging 

data. The difference between traditional fractal dimension and box-counting fractal 

dimension is obvious from a review of fractals. The box-counting fractal dimension 

includes the space-filling concept that states that when the iteration increases, the 

box-counting fractal dimension also increases. Moreover, FracLac can directly, quickly 

analyze the box-counting fractal dimension and lacunarity by scanning a fractal image. On 

the other hand, the open geographic data from Web 2.0 is also evident. The Brightkite 

check-in data is based on the LBS and GPS function, POI data is based on the VGI and 

OSM system, and nighttime lights imaging data is a kind of satellite image that can 

represent areas of activity at night. 

 

Through these three types of geographic data, this paper determines the boundary of natural 

cities by a real bottom-up perspective. It uses natural cities to uncover the underlying 

pattern of cities and measure the complexity of urban regions. Once this chapter elaborates 

about the fractal dimension and BD, the fundamental concepts will be clear. Moreover, the 

free data obtained from the website via the internet also explains the background of this 

study. 

 

 
2.3 Theoretical foundations 

 
This chapter introduces the fundamental theories of this study. This chapter starts from the 

first section, it is a concise introduction to the GIS background and data. The second section 

explains the concept of natural cities that are analyzed in Chapter four and comprise the 

major material for this study. The third section explains the head/tail index (Jiang, 2013) 

and the phenomenon of heavy-tailed distribution (Zipf, 1949). The fourth section elaborates 

for the lacunarity that can point out the compact extent of fractal images. This shows that 

the ht-index is a useful method to measure the complexity of natural cities. Moreover, the 

ht-index is evolution from the head/tail breaks classification. Therefore, the central idea and 

major concept of the head/tail breaks classification scheme is described in detail. The third 
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section of this chapter focuses on the head/tail breaks its index, mentioned in the chapter 

two, and elaborates on it in more detail. The main purpose of the head/tail breaks and the its 

index are to measure the complexity of natural cities that derive from check-in data, POI 

data, and nighttime lights imaging data. On the other hand, the head/tail breaks is 

appropriate for determining the threshold value of nighttime lights imaging data to extract 

the natural cities. 

 

2.3.1 Concept of Geographic Information System in general 

 
Before defining GIS, it is necessary to understand its core functions and backgrounds. First, 

we must clarify what information means in the sense of information technology (IT) and to 

what degree it is specialized into geographic or geospatial information (Kresse & Danko, 

2011). Both modeling and encoding are dealing with IT detail, so are relevant to geographic 

information technology. Nowadays, the information is used widely and is also easy to 

transfer into global digital data. Also, thanks to the universal of Internet and accessible to an 

individual user at about 1980 (Kresse & Danko, 2011; Jiang & Yao, 2010). There is more 

information that can be transported to the whole world, including digital and geographic 

data. There is a significant difference between information and data. Any source of data on 

the Internet can only contain digital data, but the information is relevant to questions or 

problems to be solved (Kresse & Danko, 2011). The relationship between data, information, 

and knowledge is that information is refined from the data, and knowledge is useful 

information. In the epoch of the digital age, it is convenient for users to quickly obtain 

reliable information or data via the internet. This is an appropriate environment for growing 

the discipline related to GIS and computer science. Figure 2.5 displays the transfer and 

relevance of data, information, and knowledge. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2.5 The relevance of data, information and acknowledge 

(Note: Data is raw data, information is useful data, and knowledge is the useful information. This 

thesis focuses on the knowledge that can measure the complexity of natural cities) 

 

Goodchild (1992), considered the father of GIScience, defined it as “a science behind 

geographic information systems.” Mark (2003) quoted the comparatively succinct definition 

by the University Consortium for Geographic Information Science (UCGIS), saying that 

GIScience is “the development and use of theories, methods, technology, and data for 

understanding geographic processes, relationships, and patterns.” GIScience uses GIS as a 

fundamental tool and a new concept of geography. Potential research areas of GIScience 

include spatial analysis and statistics; spatial relationships and database structures; artificial 
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intelligence and expert systems; geovisualisation; and social, economic, and institutional 

issues (Abler, 1987; NCGIA, 1989; Goodchild, 2010). Because of GIScience, geography 

can now apply several more fields of discipline. For example, Google Maps is based on 

GIScience, providing location information for the user and making life more convenient. 

 

2.3.2 Concept of Natural City 

 
Urbanization and suburbanization are two commonly used words. They elaborate on the 

phenomena of human society, urban development, and changing commercial activity in 

metropolitan areas. Moreover, urbanization and suburbanization are closely related to land 

use and land coverage on the Earth. Therefore, integrating GIS technology and open 

geographic data plays an increasingly important role in detecting or monitoring rapidly 

changing land use. Urbanization and suburbanization are complicated social phenomena of 

human society. The significant characteristic is that the boundary of an urban area is always 

changing. This study uses natural cities to determine the urban region, which can capture 

the underlying pattern of the urban area and reflect areas for human settlement and easier 

development of commercial activity.  

 

Triangular irregular networks (TIN) derive the natural cities from check-in and POI data. 

On the other hand, extracting the natural cities from nighttime lights imaging data of urban 

areas allows critical studies of urban development issues. Jia and Jiang (2010) proposed a 

new method to determine the boundary of the city, called the natural city. Using this 

bottom-up concept to define the boundaries of urban areas more closely reflects the regions 

where human easily gather. The method of natural cities gives an appropriate perspective 

for observing the phenomenon of urbanization and suburbanization. Moreover, it can 

quickly discover urban development by time-series observation in the same region, 

regardless of country or city levels. The borders of the natural cities must sketch naturally, 

which means the extraction or derivation in urban areas is based on the underlying pattern 

of data without any human manipulate or artificial overlay.  

 

The boundaries of natural cities are not the same as the administrative boundaries of cities. 

In this study, natural cities are related to high densities of human settlement, commercial 

activity, and human society. Therefore, natural cities are derived from check-in data or POI 

data, or extracted from nighttime lights imaging data. The borders of the natural cities are 

not the administrative boundaries decided by the government.  

 

2.3.3 Head/tail breaks classification and ht-index 

 
The two ways of thinking: (1) topological thinking and (2) scaling thinking are changing 

our daily lives. In topological thinking, the represented method changes from geometrically 

corrected to topologically retained, so that the underlying pattern of the urban structure can 

be found. The scale-free structure points out the central ideas of scaling analysis; there are 

far more small things than larger ones and non-linear thinking (Jiang, 2013). This study 

focuses on scaling analysis and using the head/tail breaks and its index to demonstrate it. 

 

The scale free pattern is commonly seen in the natural. For instance, there are far more 

small islands than large ones; there are far more small towns than large urban areas; there 

are far more short streets than long ones; far more less-connected axial lines than 

well-connected axial lines; far more lower buildings than higher ones; and far more poorly 

constructed literatures than well-constructed ones (Zipf, 1949; Carvalho & Penn, 2004; 
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Lammer et al., 2006; Jiang, 2007; Batty et al., 2008; Jiang. 2009; Jiang & Liu, 2012). This 

notion of far more small things than large ones is commonly found in geographic features. 

The scale free property is characterized by the head/tail breaks and power law. The next 

paragraph describes the head/tail breaks and the concept of its index in detail. 

 

In the geographic system, or natural phenomena, there is far more heavy-tailed (long-tailed) 

distribution data than normal-distribution data (Pumain, 2006). This study is based on the 

open geographic data that introduces the heavy-tailed distribution which is commonly found 

in the real world. In the research of geographic field, natural breaks method, or called, Jenks’ 

natural breaks is the most common classification scheme. It is also a default method of 

classification on the ArcGIS. Natural breaks method is that on the within-class the variance 

is minimized, on the between-class the variance is maximized. Indeed, natural breaks can 

only suit with the data that is Gaussian distribution, not long-tail distribution. Figure 2.6 (a) 

is a Gaussian, or bell-shaped distribution. This kind of data value is appropriate for natural 

breaks. When the data value has a long-tailed distribution, such as in Figure 2.6 (b), it is not 

appropriate for the natural breaks classification, but is appropriate for the head/tail breaks 

classification (Jiang, 2013). 

 

  

(a) (b) 

 

Figure 2.6 Histograms of two common distributions  

(Note: (a) Gaussian distribution; (b) long-tailed distribution) 

 

An appropriate classification scheme should capture the underlying pattern of the data 

(Jiang, 2013). This study uses the head/tail breaks to break through the data value, which 

has a long-tailed distribution. A long-tailed distribution is unlike a normal Gaussian 

distribution. The long-tailed distribution is like a hillside but Gaussian distribution 

represents like a bell. Using the mean value, we can divide the normal distribution into two 

parts without huge divergence, as each part has half of the data. However, long-tail 

distribution data is not appropriate use the median or multiplicity to represent. The head/tail 

breaks assign the data value into a rank-size distribution from large element to small 

element and assigns the values into the head part and the tail part, based on the mean values. 

 

Head/tail breaks is differ from natural breaks, it is a new classification scheme to divide the 

data which has heavy-tailed distribution. It is based on the human binary thinking that 

separates things into two categories such as good or bad, thin or heavy, happy or unhappy, 

or satisfied or unsatisfied (Jiang, 2013). Head/tail breaks classification can naturally, 

automatically determine the number of classes and class intervals by dividing the 

long-tailed distribution data. Therefore, the class interval and the number of classes can be 

determined naturally than Jenks’ natural breaks classification (Jiang, 2013).  
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Head/tail breaks classification has an advantage in extracting the nighttime lights imaging 

data. The original nighttime lights images have a bias, called over-glow. The over-glow is 

caused by the wrong indication of the light pixels which should not involve lighted areas or 

light sources. Using the head/tail breaks classification excludes the bias of nighttime lights 

image, and is efficient and appropriate. The determination of the appropriate threshold value 

is a crucial and fundamental issue for nighttime lights imaging data processing to find the 

borders of the natural cities. This section elaborates for the ht-index. If the classification 

divides the data value into three parts, the ht-index is 4. Therefore, the ht-index is the 

hierarchies of the head/tail breaks plus 1 (Jiang & Yin, 2014). This thesis uses the ht-index 

to discover the hierarchies and complexity of each region’s natural cities. The region that 

has a higher ht-index means the hierarchies of natural cities are more complex than a lower 

ht-index. The next chapter of this study uses the ht-index to measure the complexity of 

natural cities obtained from free geographic data. 

 

 
 

Figure 2.7 Demonstration of the classification method of head/tail breaks 

(Note: Divide the data into the head and tail parts each time by mean value. Repeat this step until the 

data no longer has a long-tailed distribution.) 
 

Overall, an appropriate classification method should reflect the inner pattern of data suitable. 

When the data is heavy-tailed distribution, the data can divide the entire amount into the 

head and tail parts by mean. Therefore, the ability of the head/tail breaks to capture the 

hierarchies of data is more appropriate than natural breaks, in which the data has a 

heavy-tailed distribution. The head/tail breaks is appropriate for determining the underlying 

pattern and hierarchies of the details that are the inherent existence of the data. As 

previously mentioned, the head/tail breaks determines the threshold value of nighttime 

lights imaging data and defines the ht-index of the natural cities obtained from three kinds 

of open data. The ht-index can capture the underlying category of the data and is a useful 

indicator of the hierarchies and complexity of the natural cities. 

 

2.3.4 Lacunarity 

 

Lacunarity refers to a gap or a pool, derived from the word lake. In morphological analysis 

it has been variously defined as gappiness, visual texture, inhomogeneity, or translational 

and rotational invariance (CSU, 2004). Lacunarity is usually denoted as Λ or λ. In FracLac, 

lacunarity pertains to both gaps and heterogeneity. Figure 2.8 shows the general concept, in 

which lacunarity increases from left to right. Moreover, the images in Figure 2.8 (d), (e), 

and (f) are rotated 90° from images (a) to (c). It shows that no matter that position of the 

same image to analyze the lacunarity, it will obtain the same parameter as Figure 2.8. In 
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addition, lacunarity increases when the image becomes emptier. On the other hand, 

lacunarity scans the whole image to find the black pixels as the empty area. Therefore, when 

the figure is emptier, lacunarity will be higher. When lacunarity is much higher, the natural 

cities are more broken, which means the city has more small hot spots for human society 

and commercial activity. 

 

   
(a) Λ = 1.03 (b) Λ = 0.39 (c) Λ = 0.21 

   
(d) Λ = 1.03 (e) Λ = 0.39 (f) Λ = 0.21 

 
Figure 2.8 The illustration to explain the concept of lacunarity 

(Note: From images (a) to (c), the images are self-similar and the lacunarity becomes lower. There are fewer 

and fewer black pixels. Image (a) to (c) is the original figure group, and image (d) to (f) is the original figure 

group rotated 90°. It shows that the lacunarity is still the same.) 
 

The previous paragraph elaborated the concept of lacunarity by the fractal image, which is 

common self-similarity. Moreover, Figure 2.8 uses the fractal image to show the parameter 

significance of lacunarity. The next paragraph explains the lacunarity result of natural cities 

derived from three kinds of data sources that are cross-compared. Furthermore, the index of 

lacunarity can point out the compact extent of the image. Thus, we will use the lacunarity to 

uncover which city region is the most compact city of the US in this study.  
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3. Extraction of natural cities and calibration of FracLac 

 

 
This chapter introduces the materials and primary methods used in this study. First, it gives 

a brief description of the data used in this study. The first step is to derive the natural cities 

from check-in data, POI data, and nighttime lights imaging data. The second section is one 

of the most important parts of this study. It calibrates FracLac and uses the Koch snowflake, 

British coastline, and Sierpinski carpet to find the BD that is close to the standard fractal 

dimension value to define the appropriate dots per inch (dpi) for exporting natural cities 

images. Lacunarity and ht-index are also represented. This chapter also again elaborates on 

the difference between fractal dimension and BD. 

 

 

3.1 Descriptions of three open geographic data and process 

 
Social media is popular and makes it convenient for users to connect with friends. These are 

emerging social media, such as Facebook, Twitter, Brightkite, or Gowalla. These types of 

social media require logging into the platform through the internet. They can gather users’ 

information, including log-in time, longitude, latitude, ID, and users’ feeling. User location 

information, which is collected by social media to derive natural cities, provides a more 

authentic reflection of human society and business activity from a truly bottom-up concept. 

POI data is a type of points data based on a shapefile, which can reflect the actions of 

human society and contain infrastructures and business areas such as shopping malls, 

schools, bus stations, government offices, and hospitals, etc. Moreover, POI data can derive 

the natural cities to show in which places humans are more likely to gather or settle, so 

natural cities are a kind of hot spot. Nighttime lights imaging received from satellites are the 

third data used in this study. These three types of data are all available online, which need to 

appreciate for the Web 2.0. On the Web 2.0 sites, many kinds of useful information or open 

data are available to the user just through the internet, without paying money. It is a 

wiki-like collaboration of data that any person or company can easily and quickly obtain. 

 

After a brief introduction of the open geographic data, each data source will be mentioned. 

First, the check-in data was obtained from the Brightkite social media platform. It records 

users’ log-in location and time as a check in. This study considers each time of ‘check-in’ 

information to be a point and uses these points to reflect each user’s location to derive the 

natural cities. Brightkite has a 31-month data span, and the data is now being collected by 

the Stanford Large Network Dataset Collection (SLNDC). Brightkite is one of the 

location-based online social networks that are based on a location-based services (LBS) 

function to collect information from users. LBS is a useful function in daily life. For 

example, Google Maps can let you calculate the time for going from a starting location to 

an end location by using the global positioning system (GPS) on your mobile phone. 

 

The second kind of free geographic data was obtained from CloudMade, a kind of open data 

source, similar to OpenStreetMap (OSM), which is based on Web 2.0. Many users provide 

data and let other users download it from the platform. The editable, open geographic data is 

the main format circulated on the internet, based on technology called volunteered 

geographic information (VGI). In addition, the POI data can be downloaded from 

GEOFABRIK (http://download.geofabrik.de/north-america.html) or CloudMade 

(https://web.archive.org/web/20130317105008/http://download.cloudmade.com/asia#downl



20 
 

oads_breadcrumbs). The POI data reflects which places have more artificial buildings and 

people gathered. It represents the extent of urban development. A place that is more 

prosperous has more complete data, so the quality and quantity of POI data can vary 

between developed and developing countries. On the one hand, much information on 

developed countries is available and has useful, details for interested users. In comparison, 

developing or undeveloped countries have less artificial buildings or infrastructures than 

developed countries. On the other hand, developed countries can make the data more public. 

Therefore, this study uses the US as a case study since the quality and quantity of the data is 

more complete and better than for other countries.  

 

The third kind of data is from nighttime lights images, which can be obtained from the 

Earth Observation Group (EOG) website. The nighttime lights images were provided by 

version four of Defense Meteorological Satellite Program’s Operational Linescan System 

(DMSP-OLS). The DMSP-OLS has the special technique to detect the lights from human 

settlements, lighthouse, fires, and fishing boats. The DMSP-OLS equipped the technique to 

collect visible light and near-infrared at night (Elvidge et al., 1997; Liu, 2014). This study 

used the newest data of nighttime lights imagery from EOG, which has been recording 

global information since 2012 by F18 satellite.  

 
As mentioned previously, this study used three kinds of data to derive the natural cities. This 

section introduces the three data processes, respectively. Figure 3.1 elaborates on the data 

process. Figure 3.1 allows for a clear overview of this chapter. The check-in data is obtained 

from Brightkite, a 31-month, location-based social media, collected by the Stanford Large 

Network Dataset Collection. The POI data is based on OSM data and obtained from the 

CloudMade website. The third data source came from EOG and is the DMSP-OLS dataset 

produced by stable lights at night. After extrapolating the natural cities from these three 

kinds of data, this study uses FracLac to analyze the BD and lacunarity, and calculate the 

ht-index. Moreover, this research separates the natural cities into two parts to export the 

image: The boundaries of natural cities; and the solid area of natural cities. 

 
Figure 3.1 The flowchart of data processing 
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3.1.1 Check-in data for natural cities 

 

This section introduces check-in data, a kind of location-based social media which can 

obtain users’ information when logging into a social media platform via the internet. There 

are many types of social media, such as Facebook, Twitter, and Brightkite. This study uses 

the check-in data source from Brightkite. After downloading the data from the Stanford 

Large Network Dataset Collection website, this study transformed the data format from a txt 

file to Microsoft Excel in CSV format. Only the CSV format can be downloaded as a 

shapefile in ArcGIS 10.0. The original check-in data includes users’ login IP, login time, and 

the coordinate system of X and Y. Therefore, every single user who logs into Brightkite, is 

recorded as a point. These points derive the natural cities. 

 

This study uses check-in data as the points for the shapefile on ArcGIS 10.0 to create the 

triangulated irregular network (TIN) and derive the natural cities. Figure 3.2 shows the 

natural cities in the US, with TIN edges derived from check-in data that includes the 

31-month data span. Obviously, the four largest city regions are the largest areas of natural 

cities: Chicago, New York, San Francisco, and Los Angeles. Moreover, Figure 3.3 focuses 

on those four largest regions of natural cities in the US. 

 

 
 

Figure 3.2 The whole USA’s natural cities derived from check-in data 
 

Figure 3.3 is the result of natural cities derived from the check-in data as seven time-series 

images. It shows that close to October 2010, the image of natural cities was more fractal and 

beautiful. It also more closely resembles the real surface of these four regions. Thereby, 

when the data is more complete, the results for natural cities will become a more accurate 

reflection of the city surface. It can also reflect in which places people like to gather or 

settle and are much easier for commercial activity. Figure 3.3 is a time-series image of the 

four largest natural city regions of the US. The study uses the same coordinates of boundary 

to export the natural cities image from the POI data and the nighttime lights imaging data. 

However, only the check-in data can perform a dynamic analysis with time-series. POI data 

and nighttime lights data only perform a static analysis. Figure 3.3 shows the same results, 

no matter the region of these four places of natural cities: Images of natural cities are 

becoming fractal without growth. Therefore, the primary place of natural cities formed for 

the first time on April 2008. From April 2008 to October 2010, the pattern of natural cities 

was broken, but the total areas of natural cities were not growing. 
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Figure 3.3 The evolution of natural cities 

(Note: This figure of the four regions of Chicago, New York, San Francisco, and Los Angeles are the 

foundation boundary for analysis by the BD, lacunarity, and ht-index in this study. Sources: Jiang & 

Miao, 2015.) 
 

This section introduces the natural cities derived from the check-in data obtained from 

Brightkite and recorded for a three-year time period. The next paragraph examines the POI 

data, which can also reflect the places that gather people more easily and are beneficial for 

business activity. 

 

3.1.2 Natural cities derived from the POI data 

 

The POI data is based on the OpenStreetMap (OSM) data source, which uses Web 2.0. 

Volunteers across the globe can produce and share data with each other for free. This allows 

users to easily obtain the data or information from the website via the internet. This section 

uses POI data to derive the natural cities via the TIN. We used the same principal method as 

for the check-in data to derive the natural cities. When adding the POI shapefile data on 

ArcGIS 10.0, the first thing before creating the TIN is to add the X-Y coordinates for the 

shapefile to the layer. It is important to understand that the POI shapefile of the US has a 

bias that will influence the result of natural cities. Therefore, it is necessary to eliminate the 

bias and use the correct data to derive the natural cities. Appendix B has more details on the 

necessary steps to avoid this bias. 

 

Figure 3.4 shows the result of the POI data. It shows the whole US as natural cities with 

TIN edges as the background and four cities (Chicago, New York, San Francisco, and Los 

Angeles). In cross-comparing Figure 3.4 with Figures 3.2 and 3.3, it can be seen that the 

total numbers of natural cities in the whole US are more than just the check-in data. The 

POI data is created from those places with more interesting points or useful information for 

users, such as landscapes, restaurants, schools, hospitals, shopping centers, and bus stations. 

Therefore, when countries are more developed, the information from POI data will become 

more complete. This thesis selected the US as a reasonable case study because it is a 

developed country, and the data is more complete than for other countries that are 

undeveloped or developing.  
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Figure 3.4 The natural cities derived from POI data 

(Note: The four regions of natural cities use the same boundary coordinates as Figures 3.2. and 3.3. It is 

obvious that the natural cities of POI are more than the check-in data at the same scale of the whole US. 

(a) is whole US region, (b) is Chicago, (c) is New York, (d) is San Francisco, and (e) is Los Angeles.) 
 

All images of natural cities in this thesis were exported from ArcGIS 10.0 and used the 

same coordinate of boundary as Figures 3.2 and 3.3. On the other hand, the images are all 

set at a resolution of 300 dpi. In this way, although the four city regions of USA were 

exported from different kinds of data sources, they can be cross-compared by FracLac to 

analyze the box-counting fractal dimension and lacunarity. Of course, the ht-index follows 

the same method as above. 

 

3.1.3 Using nighttime lights images to extract the natural cities 

 

The third type of data was obtained from nighttime lights images taken by satellite. This 

data is V. 4 DMSP-OLS of nighttime lights imagery. EOG provided a series of nighttime 

lights data by different satellites from 1992 to 2012. This study used the newest nighttime 

lights data to analysis the BD, lacunarity, and ht-index. The original nighttime lights 

imaging includes too much places, but this research only selected the USA as a case study. 

Therefore, most areas in the data are redundant, except for the studied areas in this thesis. 

The most general way to abstract the study area is by clipping the image by setting up a 

polygon as a mask on ArcGIS 10.0. Moreover, the mask is used to extract the study area 

then find the appropriate threshold value to exclude the blooming of nighttime lights 

imaging data. The first step is creating a rectangle polygon as a mask to obtain the 

information on nighttime lights in the US. After obtaining the rough region of the US, 

unnecessary areas of data are eliminated after completing the extraction. 
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Figure 3.5 shows the result of natural cities extracted from the nighttime lights data. The red 

areas are much easier for human living and commercial activity, known as natural cities. 

The details of extracting the natural cities involve adding the nighttime lights data as a TIFF 

image to ArcGIS 10.0. A polygon is then created as a mask to extract the nighttime lights 

region from the study areas. Moreover, the threshold value of DMSP-OLS nighttime lights 

imaging data is between 0 and 63. The 0 value means the darkest areas of image, the highest 

value means the brightest areas of image. It is important to note that there is an over-glow 

effect which will influence the result of this study.  

 

Moreover, an appropriate threshold value is important to extract the image appropriately. 

This study uses the value of 33 as a threshold, which can be calculated by Value_pixel and 

Count_pixel. Value_pixel means the pixel value of nighttime lights image and Count_pixel 

means the total pixel numbers in the specific pixel value. For detail, Value_pixel starts from 

0 to 63. However, 0 is the darkest parts of the image we do not need to calculate it. On the 

other hand, when Count_pixel are 28101527, means there are 28101527 pixels in the value 

from 3 to 63, it represents as Table 3.1. Furthermore, the head/tail breaks classification is 

used to find the appropriate threshold value to divide the natural cities from nighttime lights 

imaging image. The next paragraph elaborates on the method of dividing the data by 

head/tail breaks classification as Table 3.1. 

 

 
 

Figure 3.5 The US natural cities extracted from nighttime lights image 

(Note: This figure uses a threshold value of 33, which is between 0 and 63, to derive the natural cities by 

nighttime lights image. The head/tail breaks classification scheme is the core principle of this thesis.) 

 

Using Table 3.1, it will be much easier to understand the determination process for the 

threshold. In Table 3.1, the Value_pixel and the Count_pixel can be obtained from ArcGIS 

10.0 as a dbase file and can be open in Excel to create the table. The V*C_pixel 

(Value_pixel multiplied by the Count_pixel) can then find the mean value to divide the data 

into two parts by determining the threshold value, which is near 50 percent, but not more 

than 50 percent in the data head field. Because of the head/tail breaks classification rule is 

the central idea in this study. We follow the concept of head/tail breaks to determine the 

appropriate threshold of nighttime lights image is 33. After calculation, the appropriate 

threshold value is 33. Therefore, this value can divide the nighttime lights imaging data 

without blooming-effect bias and show the appropriate natural cities image as Figure 3.5. 
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Table 3.1 Calculating the threshold value 

(Note: After obtaining the dbase file from ArcGIS 10.0, open it in Excel. Create eight new columns and name 

them as below. Compute the first mean by the first summation of the V*C_pixel to divide by the sum of 

Count_pixel. In Table 4.1, the first mean value should approximate to 15. Repeat this procedure to find the 

appropriate threshold value. In this case, the threshold value is 33.) 

 

Value_pixel Count_Pixel V*C_pixel Mean # in head % in head  # in tail % in tail 

3-63 28101527 407631768 14.50568 7507012 27% 20594515 73% 

15-63 7507012 248739972 33.134351 3022609 40% 4484403 60% 

34-63 3022609 152189247 50.350292 1548417 51% 1474192 49% 

 

After calculating the appropriate value of the threshold to divide the nighttime lights 

imaging data, the natural cities image can be exported using the same boundary coordinates 

as Figures 3.2 and 3.3 at 300 dpi. The next section elaborates on the dpi and the calibrating 

process on FracLac using the Koch flake, the British coastline and the Sierpinski carpet as 

examples. Figure 3.6 displays the natural cities of the whole US with four city regions that 

were extracted from the nighttime lights imaging data. In the next chapter, this research will 

use these images to analyze the box-counting fractal dimension, ht-index, and lacunarity. 

Moreover, it can find the trend of the result in different parts. 

 

 
 

Figure 3.6 The natural cities extracted from nighttime lights images 

(Note: This image of natural cities was not derived via TIN, so does not have background TIN edges, but 

it does not affect the result of this study. When this research uses the natural cities images to scan the BD 

and the lacunarity, it must divide into the boundary of natural cities and the solid area of natural cities. (a) 

is whole US region, (b) is Chicago, (c) is New York, (d) is San Francisco, and (e) is Los Angeles.) 
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3.2 Calibrating FracLac  

 

 
After exporting all the natural cities images from ArcGIS 10.0, which were derived from 

check-in data, POI data, and nighttime lights data, this study separated the images into two 

parts, for the boundaries and solid areas of natural cities. Compare the three kinds of data in 

the same coordinate system in the US and four cities regions. For example, we can compare 

the Chicago images by check-in data, POI data, and nighttime lights imaging data to 

discover the difference between the BD, ht-index, and lacunarity. Figure 3.7 gives an 

overview concept of separating the natural cities into two parts. 

 

 

Figure 3.7 The classification of natural city images 

 

Before this section discusses FracLac as an instrument to analyze the natural cities, it must 

explain the functions of FracLac. Therefore, we used strict fractal images, such as a Koch 

flake or Sierpinski carpet to calibrate this software. As mentioned in the literature review, 

the Koch flake fractal dimension is 1.26. Thus, the primary objective is using FracLac to 

scan the Koch flake image and find the closest value of box-counting fractal dimension as 

1.26 to ensure the setting panel is correct. Appendix A, at the end of this thesis, goes into 

more detail of the panel setting on FracLac. 

 

We use the Koch snowflake, Sierpinski carpet, and the coastline of Britain to calibrate the 

software of FracLac. FracLac can use to measure the BD and lacunarity of the fractal image. 

However, there are lots of function will influence the result of this study. Thus, we must 

understand every function on the panel that can provide the procedure of analyzing is 

correct. In the beginning, we use three different types of fractal image which are already 

known the dimension to scan by FracLac. By this way to find out what kind of 

configuration is the appropriate for this study. For more detail about the processing of 

calibrating is written in the Appendix A. 
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Figure 3.8 provides a series of pictures that explain the process of box counting, using the 

Koch flake with three iterations as an example. From image (a) to image (c), the 

box-counting size increases. Image (a) uses the smaller size to scan the fractal image in this 

sample. In this sample, the setting on the box-counting panel uses the box size with 2, 4, 8, 

16, 32, 64, 128, 256 and the corresponding 𝜀 and 𝑁𝜀 , or F (Figure 3.9). When the box size 

is 2, the corresponding ε = 0.0039 and 𝑁𝜀 = 8118. and so forth. Each box size is relevant 

to one ε and one 𝑁𝜀 . Thus, the box-counting fractal dimension is the slope of the 

regression line for the log-log plot of box size (𝜀) and the total number of counting boxes 

(𝑁𝜀). 

 

   
(a) (b) (c) 

 
Figure 3.8 The process of box counting scan for Koch flake 

(Note: Each 𝜀 and 𝑁𝜀 correspond. The box size divides into nine hierarchies, such as 2, 4, 8, 16, 32, 

64, 128, 256, and 512. From picture (a) to (c), the box size increases gradually, and the scan position is 

fixed. Always scan from the upper left to bottom right. In addition, each image in this research uses the 

same scan position. These images were exported from ArcGIS 10.0 at 300 dpi.) 

 

Figure 3.9 is the results table automatically generated from FracLac when clicking the scan 

button after the panel setting for the box counting is correctly calibrated and ready. In 

Figure 3.9, the BD is 1.1998, which is approximately 1.20. Obviously, the BD has some 

deviation from the fractal dimension. The fractal dimension is the standard value, which can 

be calculated from 𝑙𝑜𝑔(𝑁) /𝑙𝑜𝑔(𝑟) as mentioned in the literature review. The Koch flake 

at each iteration will increase four times the number of segments and reduce the length of 

each segment by 1/3 from the previous iteration. Therefore, the fractal dimension of the 

Koch flake is log(4) /log(3) = 1.26. The BD deviates from the fractal dimension, but is 

still an appropriate tool for analyzing landscapes or natural cities that are hard to measure 

by Euclidean geometry. Therefore, this study uses the BD to analyze the changes of natural 

cities. This study uses FracLac to find the BD, which is near the standard value of fractal 

dimension for establishing the appropriate dpi for image resolution.  
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(a) 

  

(b) (c) 

 

Figure 3.9 The result of box counting from the Koch flake 

(Note: Using FracLac to analyze the Koch flake, we can obtain this kind of results table, such as in picture 

(a). Moreover, the BD is the slope of the regression line for the log-log plot of box size and total counting 

numbers of the box from a box counting scan like picture (c). Picture (b) shows the correspondence of each 

𝜀 and 𝑁𝜀 in the Koch flake.) 

 

This research calibrated the panel of FracLac to find the BD that is closest to the standard 

value of traditional fractal dimension to ensure the scanning method is correct. As 

mentioned, the fractal dimension has a small deviation from the BD, but it still can point out 

the concept of fractal dimension and space-filling. Moreover, FracLac is favorable software 

for analyzing the fractal image of natural cities. Before exporting the image from ArcGIS 

10.0, we must select the appropriate dpi of each image. This study calibrated the influence 

of dpi and the hierarchy of box size to find the standard setting of panel. First, we used the 

Koch flake from one to six iterations, with different level of resolution such as 100, 200, 

300, to 1.000 dpi. Table 3.2 is the result of the box-counting fractal dimension. The 

horizontal column displays the iteration. It is obvious that when dpi increases, the 

box-counting fractal dimension also increases. On the other hand, if the resolution is fixed 

at 100 dpi, the box-counting fractal dimension increases when the iteration increases. This 

phenomenon is space-filling.  

 

The next section uses the British coastline as an example of finding the trend of 

box-counting fractal dimension. This chapter focuses on defining the appropriate resolution 

of dpi for each image exported from ArcGIS 10.0 to avoid bias when exporting different 

images. Therefore, all the control variables of each image must be fixed, such as the dpi, 

image boundary, and the aspect ratio. 
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Table 3.2 Box-counting fractal dimension of Koch flake  

(Note: This table shows that the BD increases when the dpi or the iteration increases in the Koch flake image. 

With four iterations at 300 dpi, we can obtain the BD as 1.26. It is the standard value of fractal dimension. 

However, this study must comprehensively consider the different pattern of the fractal image. Therefore, this 

study uses the relative concept to define the appropriate dpi. We used 300 dpi to export all the natural cities 

images.)  

 

 
     100 200 300 400 500 600 700 800 900 1,000 

One 1.03 1.01 1.11 1.08 1.11 1.12 1.13 1.12 1.15 1.17 

Two 1.05 1.04 1.12 1.08 1.15 1.15 1.16 1.15 1.18 1.20 

Three 1.13 1.10 1.20 1.15 1.18 1.20 1.20 1.19 1.22 1.22 

Four 1.21 1.17 1.26 1.21 1.24 1.25 1.26 1.25 1.27 1.27 

Five 1.27 1.23 1.31 1.26 1.29 1.31 1.31 1.31 1.33 1.32 

Six 1.29 1.27 1.34 1.30 1.32 1.34 1.35 1.35 1.37 1.35 

 

We previously used the Koch flake to calibrate the FracLac. Now we will use the others two 

examples to calibrate FracLac. Table 3.3 uses the British coastline, and Table 3.4 uses the 

Sierpinski carpet to calibrate FracLac. As seen, the box-counting fractal dimension 

increases when the dpi or the iteration increases. Therefore, this study suggests using a 

resolution of 300 dpi to export each image before scanning by FracLac. If the iteration is 

much higher, the lower dpi at each sample still can find the standard value of fractal 

dimension. In addition, 300 dpi is the most popular value currently used for print resolution. 

Therefore, 300 dpi can consider both image quality and analysis efficiency. On the other 

hand, this study focuses on the box-counting fractal dimension of natural cities. It is a 

concept of relatively to the natural cities themselves with different data sources. Therefore, 

a fixed dpi is necessary for this study. 

 
Table 3.3 The box-counting fractal dimension of the British coastline  

           

     100 200 300 400 500 600 700 800 900 1,000 

One 1.14 1.24 1.26 1.29 1.34 1.34 1.35 1.37 1.37 1.40 

Two 1.20 1.30 1.29 1.33 1.33 1.35 1.37 1.40 1.38 1.39 

Three 1.21 1.30 1.32 1.33 1.36 1.38 1.41 1.40 1.42 1.42 

Four 1.26 1.36 1.37 1.39 1.40 1.43 1.44 1.45 1.46 1.46 

Five 1.29 1.39 1.40 1.42 1.43 1.45 1.47 1.48 1.49 1.49 

Six 1.30 1.40 1.41 1.43 1.44 1.46 1.48 1.49 1.50 1.50 

 
Table 3.4 The box-counting fractal dimension of the Sierpinski carpet 

           

     100 200 300 400 500 600 700 800 900 1,000 

One 1.55 1.61 1.63 1.66 1.64 1.67 1.70 1.71 1.73 1.74 

Two 1.64 1.69 1.72 1.73 1.72 1.76 1.76 1.77 1.79 1.79 

Three 1.70 1.75 1.79 1.78 1.79 1.82 1.82 1.82 1.84 1.85 

Four 1.77 1.81 1.84 1.83 1.84 1.87 1.87 1.86 1.89 1.90 

Five 1.80 1.84 1.87 1.87 1.87 1.90 1.90 1.89 1.92 1.93 
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DPI 

Level 
DPI 

Iteration 
DPI 



30 
 

Figure 3.10 elaborates on the fractal image of the British coastline. Before using FracLac to 

scan the image, the concept of natural landscape of fractal must be understood. For example, 

the length of the British coastline, when using a more meticulous scale, will be much longer 

than the rough scale. The notion of the coastline length depends on the meticulousness of 

the measuring scale. It is more easily understood by looking at Figure 3.10, from level 1 to 

level 6. The measurement scale is obviously becoming smaller, or more accurate, and the 

length of the coastline is much longer and more precise. Additionally, when the fractal 

image level increases, the coastline becomes closer to the real landscape found on Google 

Earth. 

 

 
 

Figure 3.10 British coastline at different measure scales 

(Note: From level 1 to level 6 of the coastline, the measuring scale becomes more meticulous, so that the 

length of the coastline is longer than at lower levels. Moreover, the shape of the coastline becomes much 

closer to the real landscape of Britain. Euclidean geometry cannot clearly measure the coastline, but fractal 

geometry can. It is why this study uses the fractal dimension to measure it.) 
 

From level 1 to level 6, the measuring scale becomes smaller and smaller. There are more 

turning points on each image. Therefore, when the turning points increase, the image 

becomes more precise. Moreover, Figure 3.10 shows the concept of space-filling. More 

specifically, the box-counting fractal dimension increases from level 1 to level 6. A smooth 

line is one fractal dimension, whereas when an area fills in a two-dimensional region, its 

fractal dimension is 2. For the two-dimensional fractal images the fractal dimension is 

between 1 and 2. For example, the British coastline is a fractal image. The level 1 fractal 

dimension is 1.26; level 2 is 1.29; level 3 is 1.32; level 4 is 1.37; level 5 is 1.40; and level 6 

is 1.41. In the two-dimensional image, when the box-counting fractal dimension increases, 

the space is also filled. This is a simple concept of space-filling. 
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After elaborating on the box-counting fractal dimension, we will go on to the next 

parameter of lacunarity. Image lacunarity can also be obtained from the table (Figure 3.9), 

so the most important step is how to calibrate the setting panel. For the purpose of 

calibrating FracLac, this study uses the Koch flake, the British coastline, and the Sierpinski 

carpet as samples to scan by box counting. Figure 3.8 shows the process of box counting. 

The slope of the regression of log 𝜀 and log𝑁𝜀 is the box-counting fractal dimension 

value. Furthermore, the table produced from FracLac as Figure 3.9 shows the result of 

box-counting fractal dimension and correspondence of 𝜀 (the box size of scale) and 𝑁𝜀 

(total number of counting boxes at the sample size). 

 

Generally speaking, this chapter explained about natural cities derived from the check-in 

data, POI data, and nighttime lights imaging data. Furthermore, this chapter elaborated on 

the appropriate resolution of dpi to export the images from ArcGIS 10.0. The following 

chapters use the result of this chapter to analyze the boundaries and solid areas of natural 

cities. This study focuses on the box-counting fractal dimension, lacunarity, and ht-index of 

natural cities to measure their complexity. In the next chapter, each image of natural cities is 

exported by 300 dpi and uses the same boundary coordinates to ensure the study areas are 

the same and can be compared. 
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4. Results and discussions 

 

 
This chapter uses the results of calibrating FracLac to analyze the box-counting fractal 

dimension, lacunarity, and ht-index of the natural cities which are derived from the check-in 

data, POI data, and nighttime lights imaging data. In this study, the whole US and its four 

largest cities regions (Chicago, New York, San Francisco, and Los Angeles) are the study 

areas. In addition, this research separated the result of natural cities into two parts. One is 

the boundary of natural cities, and the other is the solid area of natural cities. Figure 4.1 

shows an example of this. The leftmost image (a) shows the original natural cities derived 

from check-in data and using TIN edges as the background. The other two images are the 

major pattern format scanned by FracLac. The polygon of the shapefile on ArcGIS 10.0 has 

both the boundary and the solid area that this study divided into two parts to analyze. As 

discussed in Chapter 2, the concept of fractal dimension can be elaborated by the polygon 

and the polyline image. The line or curve is one-dimensional, which is different from the 

two-dimensional surface. On the other hand, the areas of natural cities are not associated 

with the perimeter of natural cities. For example, the area of natural cities and the boundary 

of natural cities are not increased proportionally. 

 

   
  (a)  (b) (c) 

 

Figure 4.1 The analysis regions of Los Angeles 

(Note: Picture (a) is the original image derived from check-in data with TIN edges as the background. 

Image (b) is the polygon without the outline exported from ArcGIS 10.0. Image (c) is the opposite set 

from image (b). It is only the outline of natural cities.) 
 

 

4.1 Box counting fractal dimension of natural cities 

 
The first part of this section uses the check-in data of the Chicago region’s natural cities as 

an example to display the process of box counting. Figure 4.2 uses the solid area of Chicago 

scanned by FracLac. The sequence of the scanned box size is from the smallest to the 

largest box size. In Figure 4.2, from image (a) to image (d), the box size goes from small to 

large. The original scanned figure is too small to identify by naked eye, but this is not a 

problem for calculating the slope of the regression line by 𝑙𝑜𝑔𝑁𝜀/𝑙𝑜𝑔𝜀. The results from 

FracLac appear in the table elaborated on in the previous chapter. Figure 4.2 is a model of 

the scanning process of box counting. After scanning all the images exported from ArcGIS 

10.0, the results of box-counting fractal dimension are shown in the next paragraph. We will 

reiterate that the pictures of natural cities this thesis studied are separated into two parts for 

scanning by FracLac. First, this study exported the natural cities images derived from 

check-in data and divided into seven time series. The check-in data has 70 images for 
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analysis. It includes the seven time series of natural cities bounded by the four US regions 

and the whole US. The solid area must also be analyzed. 

 

    
(a) (b) (c) (d) 

 

Figure 4.2 The box counting process of Chicago’s natural cities  

(Note: This figure represents the process of box counting and using the check-in data of Chicago's region. The 

sequence of this figure is from (a) to (d). Each different size or scale of a box corresponds to the total number 

of boxes. Therefore, each 𝜀 (box size) will correspond to the number of boxes (𝑁𝜀).) 
 

In Figure 4.2, the box size becomes larger and larger from (a) to (d). Image (a) is smaller 

than the others because of the box size. Therefore, the total number of boxes is more than in 

the other images. The total number of counted boxes only includes those that contain the 

natural cities. Not all boxes are counted for 𝑁𝜀. For instance, image (d) has four boxes that 

include natural cities, but image (c) only has 13 boxes that include natural cities. On the 

other hand, the POI data and nighttime lights imaging data have 10 individual images that 

require analysis, respectively. Therefore, this study first uses the check-in data to obtain 

time-series analysis results. Then, the entire check-in data is cross-compared with the POI 

data and nighttime lights imaging data. Table 4.1 shows the analysis result of box-counting 

fractal dimension from check-in data. 

 

 
Table 4.1 The BD of check-in data 

(Note: Table (a) uses the boundary of natural cities, and Table (b) uses the solid area of natural cities from 

check-in data. All images were exported at 300 dpi, and the BD was rounded off to the second decimal place.) 

 
(a) The boundary of natural cities 

 
2008-04 2008-05 2008-08 2008-12 2009-06 2009-12 2010-10 

Chicago 1.09 1.13 1.15 1.18 1.21 1.21 1.22 

New York 1.10 1.21 1.24 1.26 1.31 1.34 1.34 

San Francisco 1.12 1.16 1.23 1.23 1.21 1.22 1.22 

Los Angeles 1.11 1.14 1.18 1.20 1.22 1.20 1.21 

Whole US 1.02 1.16 1.22 1.28 1.34 1.37 1.41 

        
(b) The solid area of natural cities 

Chicago 1.67 1.51 1.48 1.44 1.37 1.36 1.35 

New York 1.78 1.57 1.54 1.49 1.48 1.47 1.46 

San Francisco 1.74 1.56 1.45 1.38 1.34 1.32 1.31 

Los Angeles 1.74 1.65 1.58 1.50 1.45 1.43 1.42 

Whole US 1.00 0.99 1.00 1.00 1.02 1.02 1.03 

 

Table 4.1 (a) shows that the four regions of natural cities and the whole US have the same 

trend of increased box-counting fractal dimensions over time. However, in Table 4.1 (b), the 

box-counting fractal dimensions are reduced, except for the whole US. The box-counting 

fractal dimension contains the concept of space-filling, such that that when space is filled, 
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the box-counting fractal dimension will be close to 2. Therefore, if the perimeters of natural 

cities increase over time, the box-counting fractal dimension will increase, just as in Table 

4.1 (a) and 4.2 (a). Moreover, as the areas of natural cities are reduced in Table 4.2 (b), the 

box-counting fractal dimension will also be reduced in Table 4.1 (b).  

 

Table 4.2 shows that the perimeters of natural cities and the box-counting fractal dimensions 

also increase. On the other hand, the areas of natural cities and box-counting fractal 

dimensions decrease. Therefore, Table 4.1 and 4.2 show that box-counting fractal dimension 

includes the concept of space-filling. When more space is filled, the box-counting fractal 

dimension also increases. 

 
Table 4.2 The perimeter and solid areas of natural cities by check-in data 

(Note: The unit of measurement for perimeters is meters, and the unit of measurement for areas is square 

meters. All parameters are rounded off to the second decimal place.) 

 

(a) The perimeter of natural cities 

 
2008-04 2008-05 2008-08 2008-12 2009-06 2009-12 2010-10 

Chicago 528.34 1112.72 1503.14 1999.35 2760.58 3268.46 3501.06 

New York 825.67 2412.93 3482.85 4087.45 5166.00 6075.02 6280.53 

San Francisco 669.95 1332.33 1835.15 2413.86 2930.90 3336.20 3624.24 

Los Angeles 768.41 1081.88 1520.77 2126.51 2825.29 3076.19 3259.26 

Whole US 10496.15 21830.04 31585.64 43603.83 59106.95 67883.03 70798.21 

 

(b) The regional area of natural cities 

Chicago 4635.38 5346.91 5667.36 5041.80 4194.06 4288.96 4023.06 

New York 10574.59 9438.81 9638.31 8423.31 7672.27 7291.51 6840.49 

San Francisco 6916.64 4891.37 3979.82 3672.42 3589.10 3481.25 3573.61 

Los Angeles 8972.53 7202.68 7224.88 6473.42 5965.64 6254.05 5951.00 

Whole US 70866.67 80882.02 80117.54 73749.08 72611.35 72035.08 69542.20 

 

 

 

After using the time series of check-in data, we will now look at the POI data and nighttime 

lights imaging data. Because POI data and nighttime lights imaging data do not have time 

series analyses, Table 4.3 explains the box-counting fractal dimension for them. New York 

has the highest dimension of the four regions derived from POI data, for both boundary and 

solid area. In addition, the nighttime lights imaging data shows that the New York City 

region has the highest dimension of the four studied regions. Even compared to Table 4.1, 

the New York City region still has the largest box-counting fractal dimension. Thus, New 

York City is the most complete region of the US. It means that New York City has the best 

service and infrastructure to provide for its citizens. Furthermore, New York City is the 

most complex region in this study. 

 
Table 4.3 BD of POI and nighttime lights images 

 
 

POI data 

 

Nighttime lights images 

Regions Boundary Solid area  Boundary Solid area  

Chicago 1.27 1.45 1.29 1.53 

New York 1.45 1.63 1.37 1.75 

San Francisco 1.30 1.42 1.29 1.58 

Los Angeles 1.24 1.47 1.21 1.58 

Whole US 1.69 1.36 1.52 1.46 
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4.2 The lacunarity of natural cities  

 
This chapter represents the result of lacuanarity for the natural cities which are derived from 

three open geographic data. We can follow the Table and Figure on this chapter to uncover 

that the relationship between these four city regions of US: Chicago, New York, Los 

Angeles, and San Francisco. We will start from the check-in data as Table 4.4. 

 
Table 4.4 The lacunarity of natural cities derived from check-in data 

(Note: Table 5.4 (a) is the boundary of natural cities derived from the images scanned by FracLac to 

obtain the lacunarity. It is obviously that the lacunarity increases over time for both Table 5.4 (a) and 

(b). In a cross-comparison to Table 5.1, when the box-counting fractal dimension reduces the solid 

area of natural cities, lacunarity increases. Moreover, the lacunarity of boundaries increase over time, 

but the BD becomes larger. ) 

 
(a) The boundaries of natural cities 

 
2008-04 2008-05 2008-08 2008-12 2009-06 2009-12 2010-10 

Chicago 0.27 0.32 0.42 0.58 0.68 0.78 0.82 

New York 0.29 0.39 0.44 0.54 0.55 0.55 0.58 

San Francisco 0.26 0.33 0.42 0.50 0.64 0.69 0.72 

Los Angeles 0.25 0.33 0.36 0.46 0.63 0.73 0.75 

Whole US 0.61 0.86 1.11 1.21 1.24 1.25 1.23 

        
 

(b) The solid areas of natural cities 

Chicago 0.54 0.58 0.97 1.32 1.71 2.09 2.20 

New York 0.27 0.76 1.00 1.29 1.48 1.56 1.64 

San Francisco 0.39 0.79 0.82 1.11 1.39 1.57 1.75 

Los Angeles 0.30 0.50 0.71 1.11 1.51 1.71 1.84 

Whole US 1.34 1.41 1.72 1.97 2.01 2.12 2.02 

 

 

We first used the check-in data to scan with FracLac and represent the lacunarity in Table 

4.4. In Table 4.4 (a), the lacunarity increases over time and has the same results as Table 4.4 

(b). When the image is more broken, the lacunarity becomes higher. This is true for both the 

solid areas of natural cities and their boundaries. The lacunarity increases with the iteration 

level. It is reasonable to assume that when the cities are prospering, the urban areas sprawl 

more and become more fractal. Therefore, lacunarity is a useful index to define the level of 

urban development or sprawl. 

 

The next section uses the POI data and nighttime lights imaging data to analyze the 

lacunarity of natural cities, in terms of both solid areas and boundaries. The result of 

box-counting fractal dimension and lacunarity are well-known in this study. The 

box-counting fractal dimension represents space-filling in the natural cities images. 

Moreover, lacunarity increased over time close to October 2010. At that time, lacunarity 

was higher than before because the iteration of natural cities images increased. The previous 

section used check-in data to explain the concept of lacunarity. Now we will use the POI 

data and nighttime lights imaging data to analyze the lacunarity. The trend for lacunarity is 

the same as for check-in data, in terms of the solid areas of natural cities and the boundaries 

of natural cities. Chicago is the most fractal region of the four city areas in this study, and 

New York City is the most compact city region. 
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Table 4.5 The lacunarity of POI data and nighttime lights data 

 
 

POI data 

 

Nighttime lights data 

Regions Boundary Solid area Boundary Solid area 

Chicago 0.65  1.91 0.45 0.91 

New York 0.41  0.95 0.31 0.38 

San Francisco 0.55  1.52 0.39 0.59 

Los Angeles 0.64  1.60 0.44 0.85 

Whole US 0.95  2.11 0.77 1.46 

 

4.3 Ht-index of the natural cities 

 
The ht-index is based on the head/tail-breaks classification (Jiang, 2013). The major 

function of ht-index is using the head/tail-breaks to divide the hierarchies of natural cities. 

In addition, a higher ht-index means the complexity, or hierarchy, of natural cities is also 

increased. It can find the distribution of natural cities’ obedience to the heavy-tailed 

distribution. The areas and perimeters of natural cities are represented on the vertical axis 

from the largest city to the smallest city, while the city ranks are represented on the 

horizontal axis, from highest to lowest rank. Figure 4.3 shows the distribution of the solid 

areas of natural cities from the check-in data for San Francisco. Figure 4.4 represents the 

distribution of the boundaries of natural cities from check-in data for San Francisco. The 

solid areas and the perimeters of natural cities are fitted to the heavy-tailed distribution. 

Table 4.6 shows that there are 254 natural cities derived from check-in data over 31 months 

in San Francisco. The area of natural cities’ ht-index is 4, and the perimeters’ ht-index is 5. 

 

 
Table 4.6 Statistics of ht-index for San Francisco  

(Note: # = number of natural cities, % = percentage of natural cities) 

 
Area 

Count Mean # in head % in head # in tail % in tail 

254 12.59 24 9% 230 91% 

24 119.6 3 13% 21 87% 

3 717.97 1 33% 2 67% 

 

Perimeter 
Count Mean # in head % in head # in tail % in tail 

254 12.14 49 19% 205 81% 

46 47.25 6 13% 40 87% 

9 146.07 2 22% 7 78% 

2 418.07 1 50% 1 50% 

 

The total number of natural cities is divided into the area and the perimeter. The three kinds 

of data can analyze the ht-index and understand the urban hierarchies of each region of the 

US. The check-in data for the first month has the lowest ht-index, which is only two 

hierarchies of the four regions of the US: Chicago, New York, San Francisco, and Los 

Angeles. When the data becomes more complete, the heavy-tailed distribution can be more 

clearly seen. Figures 4.3 and 4.4 clearly show that there are far more small things than large 

things. This concept is suitable and reasonable for the head/tail-breaks. Moreover, 

long-tailed distribution is commonly seen in geographic features. 
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In addition, Figure 4.3 and 4.4 are suited for the power law (Zipf, 1949). This is an 

appropriate method to measure the complexity of cities by dividing the natural cities into 

different hierarchies. As previously mentioned, this study uses the box-counting fractal 

dimension, lacunarity, and ht-index to measure the different regions of the US and 

cross-compare the results to uncover the dynamic urban development and sprawl. Moreover, 

the study can find places that are better for human society and commercial activity. 

 

 

 
 

Figure 4.3 Distribution of natural cities’ area for San Francisco 

 

 

 
 

Figure 4.4 Distribution of natural cities perimeter for San Francisco 
 

After elaborating on the concept and the method to calculate ht-index, we can now display 

the results of ht-index for the other data. Table 4.7 shows ht-index with time series for the 

four regions of natural cities’ boundaries and solid areas. It shows that the ht-index for both 

boundaries and solid areas in San Francisco increased close to October 2010. In addition, 

when the data for a region is more complete, the hierarchies of that region will be closer to 

the real situation. We fixed the time as October, 2010 to compare the ht-index for the 

boundaries of the four regions. New York City is the most complex region of the US, even 

in terms of solid area. New York City has the highest city level of those four regions and the 

most convenient medical, learning, shopping, and employment services. 
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Table 4.7 Ht-index of natural cities on time series 

 

(a) The boundaries of natural cities 

 
2008-04 2008-05 2008-08 2008-12 2009-06 2009-12 2010-10 

Chicago 2 3 4 4 5 5 5 

New York 2 4 5 5 6 6 6 

San Francisco 2 3 4 5 6 6 5 

Los Angeles 2 3 4 4 4 4 4 

US 4 6 7 7 7 8 8 

 

(b) The solid areas of natural cities 

 
2008-04 2008-05 2008-08 2008-12 2009-06 2009-12 2010-10 

Chicago 2 3 3 3 4 4 4 

New York 2 4 4 4 4 5 5 

San Francisco 2 3 4 4 5 5 4 

Los Angeles 2 3 3 3 4 4 4 

US 4 5 6 6 6 7 7 

 

Table 4.8 shows the ht-index of POI data and nighttime light image data. For the POI data, 

the ht-indices were approximately 4 and 5, close to the results of check-in data. However, 

the nighttime lights imaging data is lower than POI data or check-in data. In Figure 3.6, the 

nighttime lights imaging data of New York and Los Angeles merged all the small natural 

cities into a larger one. Therefore, the results for the ht-index are smaller than for POI data 

or check-in data. In comparing the lacunarity on POI data and nighttime lights imaging data, 

the lacunarity of nighttime lights images are all smaller than POI data. This means that the 

natural cities in nighttime lights imaging data are more aggregate than in POI data.  

 
Table 4.8 Ht-index of POI data and nightlights image 

 
 

POI data 

 

Nighttime lights data 

Regions Boundary Solid area  Boundary Solid area  
Chicago 5  4  4 4 

New York 5  4  3 3 

San Francisco 5  5  4 4 

Los Angeles 5  4  3 4 

Whole US 8  8  7 8 

 

 

4.4 Discussion 

 
In this chapter, we used three methods to measure the complexity of natural cities; these 

methods are derived from check-in data, POI data, and nighttime lights images. The 

check-in data provide a dynamic analysis, whereas the POI data and nighttime lights images 

are static. From the result of this chapter, the BD identifies the complexity of natural cities. 

BD contains the space-filling concept that resembles the density of a city region. The results 

of lacunarity do not confirm this hypothesis, because they do not correspond to the BD. In 

contrast, ht-index is useful for explaining the city level in check-in data and POI data. In the 

nighttime lights images, the ht-index does not serve as well as the other two types of data, 

because the natural cities of nighttime lights images are too aggregate that influence the 

result.  
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On the one hand, Tables 4.1 and 4.2 represent the result of box-counting fractal dimension, 

as mentioned previously. Because the BD includes the space-filling concept, it is different 

from the traditional fractal dimension. On the other hand, Euclidean geometry is a useful 

method for measuring mathematical objects, but not geographic phenomena. For example, 

the length of a coastline is difficult to measure using Euclidean geometry. More detailed 

measuring units result in longer coastline lengths. Therefore, the length of a coastline cannot 

be measured using Euclidean geometry. Fractal images strongly resemble coastlines. Thus, 

this study uses scaling analysis to reveal the complexity of fractal images (natural cities, in 

this study). 

 

Lacunarity does not fit in my hypothesis well. Because the FracLac software uses entire 

images to measure lacunarity, more broken images increase the lacunarity index. Natural 

cities being closer decrease the lacunarity index. The BD and lacunarity use different 

perspectives to observe a natural city; hence, the results of these two types of index do not 

correspond. Furthermore, the results of ht-indices do not represent hierarchy well when the 

natural cities are too aggregate. However, the ht-index can identify the hierarchy of natural 

cities without using scanned images. In this regard, it is still a useful function for measuring 

complexity when we have only numerical data without images.  

 

We cross-compared the three types of data resulting from box-counting fractal dimension, 

lacunarity, and ht-index. New York City is the most prosperous region for human settlement 

and commercial activity and is the most complex city in the US. In general, box-counting 

fractal dimension can show a region’s development level, lacunarity can show the compact 

level of the region, and the ht-index can show the hierarchy of the city region. A city 

boundary shape is like the coastline of natural landscapes, which are difficult to calculate in 

Euclidean geometry. This study uses the new concept of fractal geometry to analyze a city 

using a bottom-up approach.  

These three methods of scaling analysis: box-counting fractal dimension, lacunarity, and 

ht-index reveal complexity from different perspectives, but they do not fit any data well. For 

detail, the index of BD increases at the boundary of natural cities, but decreases in solid 

areas. We use the perimeter and area of natural cities to check the results of BD. It is 

suitable for the space-filling concept that BD will increase as the image fills up with natural 

cities. Lacunarity uses the entire image to observe the fractal extent of natural cities. Thus, 

the results of lacunarity increase in some part of a natural city. In addition, lacunarity uses a 

non-linear method to measure the image of natural cities that keeps the result different from 

my hypothesis.  

 

Moreover, the ht-index can identify the hierarchy or inner pattern of long-tailed distribution 

data. The nighttime lights image data of natural cities is shown in Figure 4.5 (b). This does 

not resemble the traditional long-tailed distribution data shown in Figure 4.5 (a). We use 

Figure 4.5 to elaborate. The data distribution of natural cities changes rapidly from Figure 

4.5 (a). Thus, the hierarchy of natural cities does not represent well in the urban region of 

nighttime lights images and POI data. However, the ht-index of the entire US represents 

hierarchies very well for any type of data. Thus, this study follows the head/tail breaks 

classification to classify data as reasonable and suitable. 
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(a)  (b) 

 

Figure 4.5 Comparison of data distribution 

(Note: Panel (a) represents the natural cities of the entire US from the nighttime lights image. Panel (b) uses 

the nighttime lights data of New York City to represent.) 
 

The hierarchy of a city fits the central place theory: a city that is higher in the hierarchy will 

have better service for its residents than a lower city. Following the result of box-counting 

fractal dimension, we expect that the New York City region has the highest hierarchy 

position, because the BD index is the highest in every data source in this study. The 

head/tail breaks classification uses the mean value to divide data into two parts, head and 

tail. It repeats until the head is close to but still less than 50%. Thus, when data distribution 

resembles Figure 4.5 (b), it reduces the division times of head/tail breaks. Because the first 

element is too large, the first mean value will be very close to the head part. Therefore, the 

ht-index will be smaller than that in Figure 4.5 (a). 

 
Ht-index is used to identify the fractal image hierarchy as a result of the characteristic of 

fractal images: there are far more small things than large ones (Jiang, 2013). It precisely 

represents the property of long-tailed distribution data. In detail, there are far more small 

natural cities than large cities. However, the result could be different when the study region 

is not large enough. The entire US hierarchy is represented well in the nighttime lights 

images data. Because the city numbers are larger than those of the other four city regions, 

the distribution will be closer to Figure 4.5 (a). The ht-index result will be more accurate 

when the data distribution is similar to Figure 4.5 (a), because the distribution is closer to a 

long-tailed distribution data.  

 

This study uses these three methods to analyze the complexity of natural cities. The 

methods can generalize in several ways. For detail, box-counting fractal dimension can help 

us to measure the natural landscape that Euclidean geometry cannot. Moreover, some 

studies use it to analyze human nerve cells (CSU, 2004). Lacunarity might reveal ice 

melting or the ozone hole at the North Pole. Because of this property of the lacunarity index, 

when the gap increases, the lacunarity increases. Thus, using it to observe the situation of 

ice melting or the ozone hole is suitable. Ht-index reveals the complexity of scaling matter 

without images. However, the number of data must be large enough for the result to be more 

accurate. Ht-index can also be used to reveal the hierarchy of urban streets and that there are 

far more highly connected than less connected streets. Taken together, these three methods 

of scaling analysis are appropriate when Euclidean geometry is not appropriate.  
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5. Conclusions and future work 

 

 
Through the previous discussion and the analysis result of data, the ultimate chapter 

describes the final conclusions of this study. This chapter is divided into two parts: 

Conclusions of this thesis; and future work. Through the tables and figures in Chapter 4, the 

conclusions are clearly seen. For future work, the limitations of this study are discussed, and 

suggestions for future work are drawn. 

 

5.1 Conclusions 

 
This study used a different perspective to observe urbanization and suburbanization. We 

used a bottom-up concept to inspect the patterns of a whole country and its cities. Through 

the TIN method, we derived the natural cities, which represent places that are more 

convenient for human society or commercial activity. Moreover, this study is based on open 

geographic data sources, which stem from Web 2.0. On Web 2.0, volunteers can share their 

information or data through the Internet. The environment of computer science is also 

mature enough that this study can use GIS and RS technique to process the data. This study 

used the natural cities that derived from TIN or were extracted from nighttime lights images 

to measure the complexity of the US. This thesis found an effective method to create a map 

that can uncover the places which are convenient for human society or commercial activity. 

 

According to the natural cities concept and the idea of BD, the result represents that the 

New York has the highest dimension of the US (CSU, 2004; Jiang & Miao, 2015; Jiang & 

Yin, 2014). The result of this project is that New York City is the most complex city region 

in the US. As a result, we used three methods of scaling analysis to measure the complexity 

of a city. From the BD point of view, New York City has the highest dimension of the four 

studied city regions, no matter the type of data. BD is a useful index to measure complexity 

that Euclidean geometry cannot measure. However, fractal geometry can measure it well. 

Fractal geometry uses𝑙𝑜𝑔𝑁𝜀/𝑙𝑜𝑔𝜀 to measure the length of a coastline, which it represents 

as a slope of a regression line. 

 

BD evolved from fractal geometry that can also measure natural cities because the natural 

city is a kind of fractal images. Furthermore, BD shows that the New York City region has 

the highest dimension of complexity for natural cities. On the other hand, lacunarity can 

show the compactness of a fractal image (CSU, 2004). As a result, New York City is also 

the most compact region in this study. The city with the lowest lacunarity of the four regions 

of natural cities in this study is the most compact. Therefore, lacunarity is a good index to 

measure the extent of urban sprawl in developing countries. In the conclusion of this project, 

we found that the BD and lacunarity are not corresponded.  

 

The last index to measure the complexity of natural city is the ht-index, which is produced 

from the head/tail-breaks. This classification is a useful classification scheme to divide data 

with a long-tailed (heavy-tailed) distribution (Jiang, 2013). All the natural cities in this 

study were represented as long-tailed distribution. Thus, we use the head/tail breaks to 

measure the hierarchy of natural cities. There are far more small natural cities than larger 

ones. It is reasonable to use the ht-index to measure the natural cities. The results of the 

ht-index show that the New York City region has the highest hierarchies. This means that 

the New York City is the most complex and mature city. Through these three indices, it is 
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easy to see that the New York City region is more mature than the other three city regions of 

Chicago, San Francisco, and Los Angeles. Moreover, the New York City region is the most 

complex place in this study. 

 

When box-counting fractal dimension increases within the boundaries of natural cities, there 

will be more beauty and completeness, and there will be less empty space. Furthermore, the 

box-counting fractal dimension can be an index for measuring urban development. It is 

appropriate to use box-counting fractal dimension to measure the complexity of a city 

region. Thus, the New York City region has the largest BD means that areas were the most 

complexity place in the US, no matter in which data.  

 

At the end of the conclusion, we can uncover that the BD is measured the slope of a 

regression from 𝑙𝑜𝑔𝑁𝜀/𝑙𝑜𝑔𝜀 to represent the complexity of natural cities. The lacunarity is 

used to observe the compact extent or sprawl extent of natural cities. The ht-index points 

out the hierarchy of natural cities. These three indexes observe the complexity from 

different perspectives of view. In addition, the ht-index is the only index that can measure 

the complexity without the images in this study.  

 

 

5.2 Future work 

 
The suggestion for future work is for check-in data to use the Twitter or Facebook to replace 

Brightkite. First, the check-in data in this study collected from Brightkite only goes back 31 

months. Of course, there are many LBS social media sites that are better than Brightkite, 

such as Facebook, Twitter, or Flicker. However, the limitation of this study is the computer 

hardware. With my laptop, we can only handle shapefile data of not more than 30 million 

points. The POI data for the whole US has 23 million points, so we still can handle that. The 

Twitter data is more than what we can currently handle. Therefore, future work requires 

equipping the computer with enough RAM to deal with the huge data that follows the same 

scheme as this study. In addition, this thesis derived the natural cities that are uncovered by 

the hot spots of a city region. Therefore, natural cities are places that are suitable for human 

society or commercial activity. If it can combine this with performance data, such as rent, 

average sales per unit area or daily turnover, this thesis will be better fitted to the real world.  

 

On the other hand, as previously mentioned about check-in data, POI data updates quickly. 

Thus, future work perhaps can analyze and compare the US with different countries. China 

is developing and changing quickly. Therefore, using the same method as in this study to 

analyze the China may uncover a different view of the US because urban regions such as 

Shanghai, Beijing, and Tianjin are rapidly changing. On the other hand, the BD and ht-index 

can use to measure the complexity of shopping districts. In Taiwan, there are many 

shopping districts, such as Tianmu, Ximending, and Xinyi. Measuring the complexity of 

shopping districts is one of the popular study fields in Taiwan. However, complexity is hard 

to measure with the Euclidean thinking. Therefore, using the scaling analysis that is 

elaborated in this study to measure the complexity of shopping areas will be useful. 
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Appendix A: The Calibration of FracLac 
 

 

 

Introduction  
 

In the beginning, we start with the introduction of ImageJ which is about the image 

processing and analysis programming by Java at the public domain, and inspired by NIH 

Image for the Macintosh (Ferreira & Rasband, 2012). Before using ImageJ, you must install 

Java 1.5 or later version, because of ImageJ is based on Java. It can display 8-bit, 16-bit, 

and 32-bit on ImageJ, but can only display a binary picture on the FracLac plugin. You can 

open the image in TIFF, GIF, JPEG, BMP, FITS, DICOM, and raw data (Ferreira & 

Rasband, 2012). Above give a brief introduction to ImageJ; you may learn more history of 

ImageJ from http://developer.imagej.net/history, if you are interested in it. 

 

This context elaborates an important plugin based on the ImageJ, namely: FracLac, the 

functions of FracLac are important in this tutorial. The FracLac is a kind of software that 

use to analyze fractal image, developed as a plugin for ImageJ. You can download this 

major plugin or other plugins, such as Fractal Generator, etc. from the website: 

http://rsb.info.nih.gov/ij/plugins/frac-lac.html. On the other hand, FracLac is also available 

as a standalone Java application, but be a plugin, is more user-friendly and up-to data (CSU, 

2004). The Fractal Generator plugin can automatically generate different iterations of fractal 

image in many types, such as Koch Flake, Koch Line, Quadric Flake, etc. I will display for 

a little bit about this plugin, let you know that, how the fractal image evolution. This tutorial 

will have a step by step guide, and explain in detail about the Box Counting (BC), Box 

Counting Fractal Dimension (BD), and the connection with Epsilon (ε) and total number of 

boxes at sample size (𝑁𝜀). The following context will divide into six parts to elaborate the 

FracLac functions with DB.  

 

The first part displays the definition of box counting fractal dimension and the fractal 

dimension; these two dimensions has a little bit different. Second, teach you some tips about 

the FracLac and fractal generator. After step two, you will understand that how to setting the 

box counting panel and quickly to use it. Third, using the coastline of Britain to analyze and 

finding the box counting fractal dimension that is nearest to the standard value. Fourth, 

change another type of fractal image namely: Koch flake, using the same setting of panel as 

step third and make sure all the factors are the same except two independent variables: dpi 

and iterations. Fifth, it uses the Sierpinski carpet to analyze, this step needs to adjust one 

panel of box counting. Finally, I have a suggest dpi for every image that I found the trend of 

box counting fractal dimension in different fractal images. 

 

A short note of acknowledgment: this tutorial is development as a part of my master thesis. I 

am very appreciated to my supervisor Professor Bin Jiang for his kindness and earnest 

guidance and useful suggestion in developing this tutorial. Moreover, I must thanks to Ding 

Ma, on his assist that the coastline of Britain and Sierpinski carpet create from ArcGIS 10.0. 

I used these two images to calibration the FracLac software. 
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Definition of box counting fractal dimension and fractal dimension 
 

We need to understand that, what is the box counting fractal dimension (BD) means as the 

first step. BD is the slope of the regression line for the log-log plot of box size (or scale) and 

count from a box counting scan (CSU, 2004). Furthermore, the BD is based on the 

calculation of a scaling rule or fractal dimension using, the formula is 𝐵𝐷 = 𝑙𝑜𝑔𝑁𝜀/𝑙𝑜𝑔𝜀, 

this is read as ‘the negative limit of the ratio of the log of the number of boxes at a certain 

scale over the log of that scale’ (CSU, 2004). The 𝑁𝜀 means the total number of boxes on 

the image corresponding with 𝜀, and the 𝜀 means the box size or scale at the sample.  

 

After I elaborated the BD, immediately we are going to explain the fractal dimension. 

According to the Swedish mathematician, Helge Von Koch (1870-1924) contributed. He 

invented the Koch curve or called fractal curves, now (Jiang & Yin, 2013). In addition, 

Mandelbrot (1982) defined fractal dimension as a ratio of change in detail to change the 

scale. When the iterations are close to infinity, the logarithms, such as 𝐷 = 𝑙𝑜𝑔(𝑁)/𝑙𝑜𝑔(𝑟), 
the N means the number of segments needed to cover the whole fractal image, and r means 

the measuring scale (Jiang & Yin, 2014). For example, look at Figure A.1, the Koch line 

iteration splits from level one to level three. The scale (r) is decreased by 1/3 at each 

iteration, and the detail of N is increased by four times every iteration. Therefore N = 4 and 

r = 3, the fractal dimension will be𝑙𝑜𝑔4/𝑙𝑜𝑔3 = 1.26. Obviously, these two dimensions 

use the similar concept. 

  

 
 

Figure A.1: The Koch curves generated from a baseline of one unit, and the 

Richardson log-log plots at both linear and logarithmic scales for the Koch curve of 

iterations 3.  

(Note: Log(4)/log(3) = log(16)/log(9) = log(64)/log(27) = 1.26, Thus, the fractal 

dimension is the same at each iteration. Source: Jiang & Yin, 2014.) 

 

Using the fractal generator to produce fractal images 

 
Now, we understand that the fractal dimension is the number of fragments needed to count 

at the whole image divided by the measuring scale, such as 𝐷 = 𝑙𝑜𝑔(𝑁)/𝑙𝑜𝑔(𝑟) . 

Considering of the resolution of the image and that image need to export from the same way 

to ensure the quality of the image. Therefore, I need to create the fractal image from ArcGIS 

10.0 and export it to make sure the factors of image are all the same except the independent 

variables, such as dots per inch (dpi) and iterations. Hence, this step is helping you to 

understand the iteration of fractal images more easily.  
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The fractal generator provides twelve types of fractal images that we can use the fractal 

generator to create a fractal image with any iteration. In Figure B.1, I display the Quadric 

flake with iterations three and Koch flake with iterations four from fractal generator. To 

create a fractal image by click Plugins >> Fractal Analysis >> Fractal Generator, it 

illustrates as Figure B.1. 

 

   
(a) (b) (c) 

 

Figure B1: Fractal generator and two types of fractal image 

(Note 1: (a) shows the panel of FracLac that you can find it easily. (b) is the Quadric flake 

with iterations three which is automatically generated from fractal generator. (c) is also 

generated from fractal generator and namely: Koch flake.  

Note 2: Using the FracLac plugin: fractal generator. You can generate 12 types of fractal 

image with which iterations you want.) 

 

Box counting fractal dimension of coastline of Britain 
 

Open the FracLac panel by select Plugins >> Fractal Analysis >> FracLac. You will see 

the panel pop up, and have twelve buttons. Each button has a different function, this step we 

focus on the Box Counting (BC) button, others detail information you can see on the 

website: http://rsb.info.nih.gov/ij/plugins/fraclac/FLHelp/UseFracLac.htm. Figure C.1 

displays the panel setting of BC are using at following step. Compare to the original BC 

panel, you need to change the setting to analyze fractal images, such as in binary or 

grayscale need for setting the select be Auto convert to binary.  

 

Second, at the type of series for sampling element size, please select the use custom sizes. 

Third, setting the scan positions as 1 makes sure the scan position will be fixed. Fourth, at 

set scanning and data processing options, please just click the Show Data for Each G. Fifth, 

at select graphics to generate click the draw grids and regression lines to check the result of 

analysis. At custom sizes we can set a comma-separated string of numbers such as 2, 4, 8, 

16, 32, 64, and 128, etc. You also can select other options, such as Default (liner), Power, 

Scaled, and Odd. Here we display 11 hierarchies from 21 to 211 to suit each image at 

different iterations. I count the image till the ε = 1 and the 𝑁𝜀 is smaller than 20, larger 

than 10. It can provide that the most accurate of the regression line of BD 

 

 

http://rsb.info.nih.gov/ij/plugins/fraclac/FLHelp/UseFracLac.htm
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(a) 

 
(b) 

 
(c) (d) 

 

Figure C.1: FracLac functions panel and box counting panel  

(Note: (a) is the main panel of FracLac, and (b) is the pop up panel that you can set the 

maximum number of grid images to show for each orientation. (c) is the panel let you to set 

the hierarchies of ε. (d) is the box counting main panel and it is show the setting of this 

tutorial for analysis the fractal images.) 

 

The way of calculating the dimension has a little difference between BD and fractal 

dimension. BD is using the different box size to measure the fractal image, and count all of 

the boxes as 𝑁𝜀 or F. On the other hand, fractal dimension counts the number of all 

segments of each scale. Because of that, box size is not completely suited to the Koch line 

segment length. This is the major factor to influence the result of fractal dimension. 

Therefore, the deviation of these two dimensions can be understandable. The result of 

coastline BD at Britain is shown in the Table 1. Obviously, when the dpi is increased the 

box counting fractal dimension is also increased. On the other hand, when the coastline 

level is increased the box counting fractal dimension is increased also.  

 

Table 1: Box counting fractal dimension of Britain coastline 

(Note: it can obviously discover that BD is increased with the dpi and iteration level 

of coastline of Britain.) 
 

     100 200 300 400 500 600 700 800 900 1000 

First 1.14 1.24 1.26 1.29 1.34 1.34 1.35 1.37 1.37 1.40 

Second 1.20 1.30 1.29 1.33 1.33 1.35 1.37 1.40 1.38 1.39 

Third 1.21 1.30 1.32 1.33 1.36 1.38 1.41 1.40 1.42 1.42 

Fourth 1.26 1.36 1.37 1.39 1.40 1.43 1.44 1.45 1.46 1.46 

Fifth 1.29 1.39 1.40 1.42 1.43 1.45 1.47 1.48 1.49 1.49 

Sixth 1.30 1.40 1.41 1.43 1.44 1.46 1.48 1.49 1.50 1.50 

 

 

 

 

 

DPI Level 
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Figure C.2 has an illustration of coastline of Britain with different levels. Please notice that, 

when you export the image from ArcGIS make sure all the image’s aspect ratio are the same, 

only change the dpi to every image. In this tutorial, I set the aspect ratio as 1:1 pixels. The 

six levels of coastline are the same concept of iterations as fractal images. 

 

 
 

Figure C.2: Coastline of Britain with six levels 

 

 

The box counting fractal dimension of Koch flake 
 

This step uses the classical fractal image for an example, Koch flake. Reaffirm again, all the 

images are at the same ratio of width and height as 1:1 pixels, only increased the dpi at 

same iteration and export the five or six iterations of fractal images. The fractal dimension 

of Koch flake is 1.26 that can be calculated by 𝑙𝑜𝑔(4) /𝑙𝑜𝑔(3). Therefore, I will export the 

Koch flake image with six iterations at different dpi to analysis. Moreover, I only use the 

outline of Koch flake to analyze, the concept is the same as fractal dimension. Look at Table 

2, at the same iteration of Koch flake when dpi is increased the box counting fractal 

dimension is increased also. When the dpi is fixed, the box counting fractal dimension is 

increased by the higher iteration. This result is the same with the coastline of Britain. 

 

Table 2: Box counting fractal dimension of Koch flake 

(Note: This table shown that the BD is increased with dpi and iterations of Koch 

flake. The trend is the same with coastline of Britain.) 
 

     100 200 300 400 500 600 700 800 900 1000 

First 1.03 1.01 1.11 1.08 1.11 1.12 1.13 1.12 1.15 1.17 

Second 1.05 1.04 1.12 1.08 1.15 1.15 1.16 1.15 1.18 1.20 

Third 1.13 1.10 1.20 1.15 1.18 1.20 1.20 1.19 1.22 1.22 

Fourth 1.21 1.17 1.26 1.21 1.24 1.25 1.26 1.25 1.27 1.27 

Fifth 1.27 1.23 1.31 1.26 1.29 1.31 1.31 1.31 1.33 1.32 

Sixth 1.29 1.26 1.34 1.30 1.32 1.34 1.35 1.35 1.37 1.35 

 

Figure D.1 shows the Koch flake with different iterations, when the iteration is increased, 

the fractal image will become more complex. In Figure D.1, iteration five and iteration six 

of Koch flake is hardly to distinguish by naked-eye, but it can easily distinguish by FracLac. 

Thence, I need to export the same image with different dpi to discover that, which of 

resolution is the best choice for us to analyze a fractal image. 

 

DPI Iteration 
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Figure D.1: Koch flake with six iterations 

 

Figure D.2 displays the method of box counting, use the pink boxes at a sample to counting 

whole image. And FracLac can automatically produce the regression line of 𝑙𝑜𝑔𝑁𝜀/𝑙𝑜𝑔𝜀, 

and the scatter plot to display the corresponding of 𝜀 and 𝑁𝜀 . It can easily observe that 

when the box size is more smaller the total number of boxes are more higher.  

 

 

 
(b) 

 
      (a) (c) 

 

Figure D.2: Box counting processing and the log-log plot automatically generate 

from FracLac 

(Note: (a) represents the box counting process that pink grid are the counting boxes, and (b) 

is the corresponding of 𝜀 and 𝑁𝜀. On the other hand, (c) is the slope of 𝑙𝑜𝑔𝑁𝜀/𝑙𝑜𝑔𝜀 to 

display the box counting fractal dimension.) 
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The box counting fractal dimension of sierpinski carpet  
 

After I elaborated the two different types of fractal dimension, we are going to the next step. 

In this step I use the polygon image to analyze, all I want is to find the trend of box 

counting fractal dimension. We had already known that the coastline of Britain and Koch 

flake BD have the same trend. The trend is that, when dpi is increased at the same image, 

the BD is also increased. On the other hand, when iteration is increased the BD has to grow. 

However, above of the samples are using the polyline for explain, therefore we need to 

ensure that the trend is the same at polygon. Before I start to analyze Sieroinski carpet, here 

has a concept need to elaborate. Attributed to the FracLac limited itself, I need to change the 

method to get the 𝑁𝜀. Only one step different between the step above. On the set scanning 

and data processing option, please click the check pixel ratio, then setting the following 

panel as Figure E.1. Setting the minimum density as 2.00 and maximum density as 1.00, as 

a result, only count the black area at Figure E.1. And use the total boxes (Ω) to minus the 

𝑁𝜀 on an image at the sample size to obtain the white are of the box number. 

 

 
 

Figure E.1: The setting of check pixel ration 

(Note: This panel is pop up when you click the check pixel ration option. In addition, please 

set minimum density as 2.00 and maximum as 1.00 to scan the fractal image.) 

 

After this step we can obtain the result of 𝑁𝜀 and the corresponding of 𝜀. Now, we need to 

use the excel sheet to create the log-log plot and regression line by yourself. Please set the 

excel sheet like Table 3, then you can use this sheet to calculate the BD. 

 

Table 3: Excel sheet of 𝜀 and 𝑁𝜀 on Sierpinski carpet 

(Note: This table displays the result of Sierpinski carpet box counting , and every 

𝑁𝜀and𝜀  are corresponding to display the slope of regression line of BD. 

Obviously, when 𝜀 is small the 𝑁𝜀 are increased faster the large 𝜀. Therefore, 

when dpi is increased the BD are also increased, it is explain that there are more 

small things the large one.) 

 
100 dpi 200 dpi 300 dpi 400 dpi 500 dpi 

ε 𝑁𝜀 ε 𝑁𝜀 ε 𝑁𝜀 ε 𝑁𝜀 ε 𝑁𝜀 

0.0156 8452 0.0078 32748 0.0039 76347 0.0039 127796 0.002 198906 

0.0312 2290 0.0156 8632 0.0078 19818 0.0078 32747 0.0039 50613 

0.0625 662 0.0312 2291 0.0156 5088 0.0156 8629 0.0078 13209 

0.125 210 0.0625 662 0.0312 1455 0.0312 2290 0.0156 3469 

0.25 79 0.125 210 0.0625 472 0.0625 662 0.0312 1008 

0.5 33 0.25 79 0.125 155 0.125 210 0.0625 307 

1 13 0.5 33 0.25 50 0.25 79 0.125 104 

  1 13 0.5 21 0.5 33 0.25 37 

    1 10 1 13 0.5 20 

        1 8 
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Table 4 is the result of BD on Sierpinski carpet fractal image. Obviously, these three 

examples have the same trend of BD When dpi is increas the BD has same situation, 

because of that, the number of small size of the box is increased faster than bigger one. 

Therefore, BD is increased with dpi. In addition, when iteration is growing, imply the space 

feeling is increase, so BD will be increased too. 

 

Table 4: Box counting fractal dimension of Sierpinski carpet 

(Note: This table has the same result of trend in BD, as above two samples.) 

 

     100 200 300 400 500 600 700 800 900 1000 

First 1.55 1.61 1.63 1.66 1.64 1.67 1.70 1.71 1.73 1.74 

Second 1.64 1.69 1.72 1.73 1.72 1.76 1.76 1.77 1.79 1.79 

Third 1.70 1.75 1.79 1.78 1.79 1.82 1.82 1.82 1.84 1.85 

Fourth 1.77 1.81 1.84 1.83 1.84 1.87 1.87 1.86 1.89 1.90 

Fifth 1.80 1.84 1.87 1.87 1.87 1.90 1.90 1.89 1.92 1.93 

 

Figure E.2 are the images of Sierpinski carpet, it only has five iterations, since iteration six 

is too meticulous that is hard to identify and also hard to create. I believe that the result will 

have the same trend as the above sample we had examined already. 

 

   

    (a) (b) (c) 

   

     (d) (e) (f) 

Figure E.2: Sierpinski carpet with five iterations 

(Note: (a) is the original image of Sierpinski carpet and this fractal image is cut into 

nine congruent sudsquares in a 3-by-3 grids, and central sudsquares is removeed. 

This fractal image dimension is log8/log3 = 1.8928.) 

 

 

 

 

 

 

 

DPI Iteration 
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This tutorial elaborates about the ImageJ and the plugins: FracLac. After I use the three 

types fractal image to calibrate the plugins, I discover that the three different kinds of fractal 

image have the same trend of the box counting fractal dimension. It can found the standard 

value of each image and the trend can instruct us when the iteration is more higher the dpi 

can be not so huge. Considering of the accuracy and the efficiency at my thesis, we suggest 

that every image use the 300 dpi for analysis. In this context, all the images are exported 

from ArcGIS 10.0, and then fixed the width and height ratio are 1:1. The outline width is all 

set as 0.4 but at Sierpinski carpet, we set the image without the outline to prevent the 

deviation. This setting will use in my thesis to make sure all the control variables are fixed.   
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Appendix B: Deriving Natural Cities from Point of Interest 
 

 

 

Introduction 
 

Points of interest (POI) is a specific point to indicate the location that someone can get some 

useful or interesting information. Moreover, it is widely used in global positioning system 

(GPS) or geographic information system (GIS). This tutorial provides a step by step guide, 

from import POI to ArcGIS, then deriving the natural city in which area you select. There is 

an important concept, namely, Head/Tail Breaks, Head/Tail Breaks propose from Jiang 

(2009). In addition, Zipf (1949) point out of that, there are far more small cities than larger 

cities, and other researchers also indicate that, there are far more low buildings than high 

buildings (Batty et al., 2008), far more low connectivity streets than high connectivity 

streets (Jiang, 2009). Therefore, we can via the POI to create the triangular irregular 

network (TIN) to find a place that human is activity or settlement, we called the places as 

natural cities. Natural city is different from the traditional town; we do not use the 

administrative regions or population to delimit a city, but by which places POI to create a 

TIN then find natural cities. 

 

In this tutorial, I select the United States of America for an example. Of course, you can 

choose a little area of the USA or the other city to attempt, is quicker than carryout whole 

America. Before we start, you need to download the OpenStreetMap (OSM) data from 

http://downloads.cloudmade.com/ or http://download.geofabrik.de/. In this study, I work on 

ArcGIS10.0, you can also use another version if necessary. 

 

This content is organized in six main steps: first, you need to import shapefile into ArcGIS. 

In this context, I import USA POI shapefile to ArcGIS 10.0. Second, merge all of shapefile, 

because of United States data is too big that you cannot import all data to ArcGIS 10.0 at 

once. If you select a small city to test, you can skip this merging step. Third, you need to 

clip out which area is you want to study. Step three is important; it is an influenced the 

result of natural cities. You must ensure that the data without bias. Step four is to create a 

TIN and then statistics TIN edge length to determine the mean of length. Fifth Step is to 

pick up and clean out bias, you need to ensure that the POI without bias, in my context, 

because of power tower will make the bias of natural cities, so I need to pick up it. Finally, 

to dissolve polygon you get from TIN edges. After these six steps, you will get natural cities 

in your selected area. 

 

A short note of acknowledgement: this tutorial is developed as a part of my master thesis. I 

would like to appreciate my supervisor Professor Bin Jiang, for his useful suggest and 

kindly guide. Moreover, the data is the contribution of CloudMade community. 

 

 

Import POI data: 
 

1. At the first step, you need to open ArcGIS and click Extension from Customize 

between the Geoprocessing and Windows, then click 3D Analyst to be sure that you can 

execute TIN Management.  
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2. Now click the button Add Data to add the needed layer. 

 

 
 

3. Because of all USA POI data is too big that have 80G. You only need to add POI 

shapefile, like Illinois_poi.shp or Indiana_poi.shp and so on. 

 

  
 

4. And then you need to transfer the projection to be correct. Open the ArcToolbox from 

Geoprocessing button. Choose the Data Management Tool and select Projections and 

Transformations then click Feature to find Project and double click it. 

 

  
 

 

5. Setting the right projection is very important. Because of the sample is the United 

States, I selected North America Albers Equal Area Conic.prj at XY Coordinate System. 

If you select others country, you need be sure which projection is correct. At Input 

Dataset or Feature Class, select which POI shapefile you want to projection. You also 

need to set a name for Output Dataset or Feature Class.  
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6. Follow above steps you will get a figure like this one. (P.S. You can add the boundary 

of the United States from ArcGIS data online.) Of course that, you need import whole 

United States to become complete.  

 

 
 

Merge all of POI to one shapefile and add XY coordinate: 
 

On this step will teach you to get a right area of United State to create a triangular irregular 

network. 

 

1. The first step will teach you to merge all of POI shapefile become one shapfile, like 

this figure.  
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2. Click Geoprocessing and select Merge to merge all single shapefile, which you already 

projection to become one shapefile have whole USA POI. I set the new shapefile name 

as all_5.shp. 

 

  
 

3. Merge all of the POI will take a long time, please be patient. When you have finished 

this step, make all the POI as a shapefile, you will get the figure like this one.  

 

 
 

 

4. Now Add XY Coordinates to the shapefile. The originally POI data don’t have any XY 

Coordinate, so we need to add the XY coordinate to the shapefile. Open the Toolbox 

and select Data management to find Add XY coordinates under the Feature. 
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Clip POI shapefile to remain continent of United States: 
 

This step wants to ensure all of the points are on the continent, therefore, we need to use the 

USA boundary to clip the POI.   

 

1. Because outlying islands will interference the result of natural cities. We need to clip 

the POI by a boundary of USA continent. You can find “USA State Plane Zones” on 

ArcGIS online. 

 

  
 

2. Obviously, there are lots of POI out of bounds. Now we need to clip them to become 

correct. 
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3. Open clip tool from Geoprocessing and set Input Features as all_5, Clip Features as 

USA State Plane Zones\State Plane Zones (NAD83). And you will obtain only 

continent’s POI.  

 

  
 

4. After clipping out of the shapefile you need to check that which points are still existed. 

You need to Start Editing and deleted which points are out of the boundary or what 

points you don’t need, then Save Edits. (P.S. In this tutorial I select the continent of the 

USA without Alaska and other outlying islands) 

 

 
 

 

5. After you finished this step you will get the figure like following. Then you can 

continue to the next step. 

 

 



65 
 

Create triangular irregular network:  
 

This step will start to create TIN. When we have the correct location of POI and at right 

projection. Now we can utilize those points to create TIN. 

 

1. Open ArcToolbox to find the Create TIN under Tin Management below 3D Analyst 

Tools, and double click it. Set the XY Coordinate System as 

North_America_Albers_Equal_Area_Conic, and set the output TIN name. Then click 

OK to start to create TIN.   

 

  

 

 

 

 

2. When you obtain the TIN layer, you can start the next step to conversion TIN to TIN 

edges. Select 3D Analyst then click Conversion to found From TIN. Double click the 

TIN Edge button below From TIN. Set the input TIN with which you create on the 

previous step. And you we see the TIN Edges layer like the blue one. 

 



66 
 

  

 

3. Now right click the TIN Edges layer to open attribute table, add a new field as length 

and at Length field right click to select Calculate Geometry then click OK. ArcGIS will 

automatic to calculate the length of every edge.  

 

 
 

4. After ArcGIS calculate the length of edges you need to right click the Length and 

select Statistics. Let you to understand Count of edges, maximum length of edges and 

so on.  

 

 
 

 

5. In this sample the mean of all edge length is 1877.640501 meter. So use the Select by 

Attribute button select which length is shorter than 1877.640501 meters to create 

polygon. 
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6. When you finish this step you will get a polygon layer. After dissolving it to obtain 

natural cities. But in this tutorial I select the area is a United States. The data has some 

bias, I need to clean out. Obviously the west coast of the United States is all links 

together. So I need to go back to all_5.shp to find out the problem.  

 

 
 

Corrected the bias of POI:  
 

1. At this step you need to figure out what Category and Name of all points. I select by 

attribute to export “Power Tower” as a shapefile. You can see the red points are all 

links be a line. So I need to delete all Power Tower points, then run again from the step 

4.  
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Dissolve polygon to natural cities: 
 

This step needs to dissolve the polygon which you derived from TIN edges. 

 

1. After you get the polygon layer, all you need to do is Dissolve it. To clean out the layer 

that it be individual natural cities. And United States Natural Cities are the Figure like 

this one. Please do not click the Create multipart features (optional). 

 

 

 

 

 

This tutorial gives a step by step guide from download the POI data from the website to 

derive the natural cities. Follow this context you will learn this method quickly. Here is an 

important thing to tell you. The step six to pick up the POI of power tower and deleted it 

when create the natural cities. Because of that, the power tower makes the bias. Therefore, if 

not necessary, please keep all the POI to create the natural cities. Use the head/tail breaks to 

classify the area of natural cities, total separate to six hierarchies, and the red parts mean the 

city area is the highest hierarchy. It can easily to discover that there are more small cities 

than big cities, and Chicago, New York and Los Angeles are the places that human like to 

settlement or assemble. 

 

 
 

 

 

 

Level 1 

Level 3 

Level 4 

Level 5 

Level 6 

Level 2 
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