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Abstract 

Scale is an essential notion in geography and geographic information science (GIScience). 

However, the complex concepts of scale and traditional Euclidean geometric thinking have created 

tremendous confusion and uncertainty. Traditional Euclidean geometry uses absolute size, regular 

shape and direction to describe our surrounding geographic features. In this context, different 

measuring scales will affect the results of geospatial analysis. For example, if we want to measure 

the length of a coastline, its length will be different using different measuring scales. Fractal 

geometry indicates that most geographic features are not measurable because of their fractal nature. 

In order to deal with such scale issues, the topological and scaling analyses are introduced. They 

focus on the relationships between geographic features instead of geometric measurements such as 

length, area and slope. The scale change will affect the geometric measurements such as length and 

area but will not affect the topological measurements such as connectivity.  

 

This study uses three case studies to demonstrate the scale issues of geographic features though 

fractal analyses. The first case illustrates that the length of the British coastline is fractal and 

scale-dependent. The length of the British coastline increases with the decreased measuring scale. 

The yardstick fractal dimension of the British coastline was also calculated. The second case 

demonstrates that the areal geographic features such as British island are also scale-dependent in 

terms of area. The box-counting fractal dimension, as an important parameter in fractal analysis, 

was also calculated. The third case focuses on the scale effects on elevation and the slope of the 

terrain surface. The relationship between slope value and resolution in this case is not as simple as 

in the other two cases. The flat and fluctuated areas generate different results. These three cases all 

show the fractal nature of the geographic features and indicate the fallacies of scale existing in 

geography. Accordingly, the fourth case tries to exemplify how topological and scaling analyses 

can be used to deal with such unsolvable scale issues. The fourth case analyzes the London 

OpenStreetMap (OSM) streets in a topological approach to reveal the scaling or fractal property of 

street networks. The fourth case further investigates the ability of the topological metric to predict 

Twitter user‟s presence. The correlation between number of tweets and connectivity of London 

named natural streets is relatively high and the coefficient of determination r2 is 0.5083.  

 

Regarding scale issues in geography, the specific technology or method to handle the scale issues 

arising from the fractal essence of the geographic features does not matter. Instead, the mindset of 

shifting from traditional Euclidean thinking to novel fractal thinking in the field of GIScience is 

more important. The first three cases revealed the scale issues of geographic features under the 

Euclidean thinking. The fourth case proved that topological analysis can deal with such scale issues 

under fractal way of thinking. With development of data acquisition technologies, the data itself 

becomes more complex than ever before. Fractal thinking effectively describes the characteristics 

of geographic big data across all scales. It also overcomes the drawbacks of traditional Euclidean 

thinking and provides deeper insights for GIScience research in the big data era.  

 

 

Keywords: Scale, fractal geometry, big data, conundrum of length, topological analysis. 
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1. Introduction 

Mandelbrot‟s (1967) famous question about scale effects on geographic features is: “How long is 

the coast of Britain?” The answer for this question is “It depends”. Scales of measurements will 

decide the length of the coastline. In essence, the coastline is a fractal curve (Mandelbrot 1982) and 

cannot be directly measured. The scale greatly affects the analyzing result of many kinds of 

geographic features such as coastline, island and topographic forms. Our geographic world is not 

simple, but infinitely complex in terms of length, size, and structure of different kinds of 

geographic features. This complexity can be termed fractal, which is simply understood as far more 

small things than large ones. This is a universal essential property of geographic space. However, 

traditional Euclidean thinking prevents us from seeing such fractal property. This study uses three 

cases to statistically demonstrate the scale effects on geographic features using a wide range of 

scales and uses a fourth case to show that the fractal thinking should be primarily concerned in the 

fields of geography and geographic information science (GIS) in big data era. The first three cases 

are discussed together and the fourth case is discussed separately. This chapter first introduces the 

background of the study and then addresses its three aims. Finally, it summarizes the structure of 

the thesis.   

1.1 Background 

Referring to core concepts in geography, scale should be mentioned inevitably. Except for space, 

time and place, scale is the fourth place among seven key concepts in geography (Clifford et al. 

2009), yet it is probably the most problematic and confusing due to its multiple meanings across 

disciplines. Worse still, the term „scale‟ has extensive meanings, from the extent or scope of an area, 

to a weight balance, to the outer skin of a fish. The Oxford English Dictionary has 10 meanings of 

scale as both a noun and an adjective. To avoid confusion, this study focuses on the multiple 

definitions in the spatial domain.  

 

The most common definition is map or cartographic scale. This refers to the ratio between the 

measurements on a map and its corresponding measurements in the real world. The ratio is 

normally expressed by a scale bar or a representative fraction. A large-scale map has a larger 

representative fraction, indicating the map shows more detailed information in the real world. The 

second definition of scale is closely related to the level of detail of the Earth‟s surface, or the 

resolution of a remote sensing imagery. A high-resolution image shows more detailed information 

in the real world. The scale can also refer to the extent of study area, which may lead to 

contradictory meanings compared to the map scale. A large-scale study covers a large study area, 

while usually using a small-scale map, whereas a small-scale study area usually forms a 

corresponding large-scale map. 

 

Scale is an important topic in the field of geography, but causes problems due to its complexity. 

Goodchild (2001) related the scale to the level of detail on the Earth‟s surface. Lam (2004) outlined 

four definitions of scale in the field of environmental assessment. In the field of GIS, Goodchild 

argued that the resolution and extent are extremely important. Lloyd (2014) summarized multiple 

definitions of spatial scale. Jiang and Brandt (2016) showed the definitions of scale from both 

quantitative and qualitative perspectives. Among all these definitions, three key ones are important 

in this study. In GIS, the scale is closely related to the degree of geographical detail on the Earth‟s 

surface (Goodchild 2001). Modelling the scale effects can estimate the accuracy and reliability of 

geographical features. The model enables us to predict the scale effects on the properties of data 

(Tate and Atkinson 2001). However, due to the fractal nature of geographical features (Goodchild 

and Mark 1987), they cannot be accurately measured essentially.  
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Fractal analysis (Mandelbrot 1982) provides useful tools for geospatial analysis on scale issues. In 

fractal geometry, a series of scales are related to each other in a scaling hierarchy (Jiang and Brandt 

2016). In 1967, Mandelbrot addressed the famous question “how long is the coast of Britain?” by 

discussing the statistically self-similarity of the British coastline when the scale changes. The 

length of the British coastline becomes longer if a shorter measuring scale is used. The length of 

the coastline and the measuring scale meet a power-law relationship. The notion of the fractal 

dimension arises from such a relationship. In a more relaxed, widely used circumstance, the fractal 

refers to the fact that there are far more small things than large ones (Jiang 2015). The 

corresponding fractal or scaling thinking regarding the coastline as a series of bends that form the 

scaling hierarchy of far more small bends than large ones (Jiang et al. 2013). It focuses on the 

hierarchical structures of the geographic features rather than the geometric details. This underlying 

way of thinking effectively deals with the unsolvable scale problems from a new perspective.  

 

The general public can create source data using their smart phones, laptops, and other portable 

electronics, leading to a large amount of data from various sources. The most successful case is 

OpenStreetMap (OSM), founded by Steve Coast in 2004. Inspired by Wikipedia, OSM aims to 

provide free, editable, worldwide maps for the general public (Bennett 2010). It has approximately 

1.8 million users, and is rapidly adding more (Figure 1.1). Big data is also a new paradigm of data 

analytics (Jiang 2015). Geo-referenced big data, such as tweet locations, can reflect individual 

activities. The distribution of tweet locations fluctuates within a city extent, reflecting the fractal or 

scaling property of human activities (Jiang et al. 2016). Twitter data, combined with GIS, can also 

monitor spreading influenza (Allen et al. 2016). The irregular, heterogeneous properties of 

geo-referenced social media make it difficult to handle from a traditional, Euclidean or Gaussian 

way of thinking. Geographic big data is not normally distributed and cannot use the Gaussian 

distribution to characterize. Instead, it is heavy-tailed distributed and should be dealt with using 

non-linear, fractal methods.  

 

 
Figure 1.1: The latest active contributors of OSM per month (Source: OSM Foundation on the OSM 

Wiki) 

 

Since OSM data is free and relatively easy to acquire, it can be an important data source for 

geographic big data analyses. People can directly download different kinds of geographic data from 

the official OSM data website. Volunteered authorities, such as Geofabrik and BBBike, also help 

users download well-organized, up-to-date OSM data without registering with OSM. Social-media 

data is also a good source for geographic analyses on an individual scale. Twitter data can detect 

real-time car accidents with the help of GIS and data-mining techniques (Gu et al. 2016). 

Acquisition of Twitter data is mostly based on web-based techniques such as REST 

(Representational State Transfer) API (Application Programming Interface) and web crawling 
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(Purohit et al. 2015). However, abuse of geo-referenced social-media data may cause privacy issues. 

In this study, user IDs of the tweet data was removed in advance and only contains the x-, and y- 

coordinates, and the time information. Therefore, the data is good for the topological and fractal 

analyses, yet it is free from privacy issues.  

 

1.2 Study Motivation 

Thanks to advanced information technology, people can capture the detail of the Earth‟s surface at 

an unprecedented level. However, it is impossible to capture all the Earth‟s details at every location 

because of the complex nature of its surface. The details we capture are still coarse generalizations 

of what are actually present (Goodchild 2001). Maps, as a visual representation of what is too 

complex to be perceived in its entirety (Jiang 2015), can represent those details on the Earth‟s 

surface. Different levels of detail on a map can be expressed by different map scales and image 

resolutions. The geographic features mapped in different map scales exhibit different statistical 

characteristics. It is hard to acquire data at an optimal scale because the geographical space is 

infinitely complex. Consequently, a major concern is how different scales affect the measuring 

results of geographic features. 

 

The fractal property exists in different kinds of geographic features. Jiang and Brandt (2016) listed 

three examples to illustrate the fractal nature of geographical features: The length of a coastline, the 

area of an island, and the slope of a topographic surface. The topographic form is fractal because it 

is similar at different scales, so it is hard to judge the specific scale of a topographic form without a 

scale bar (Lloyd 2014). Measurements such as length, area, and slope are all scale-dependent. 

Measuring the geographical space using length, size and absolute values, such as height and slope, 

are fundamentally based on Euclidean geometry, which generates a series of problems regarding 

the measuring scale. Researchers adopted fractal study approaches to tackle scale problems and 

capture the fractal nature of the geographic features. 

  

Rapid development of volunteer geographic and social-media data has greatly changed 

conventional geographic analyses. The big data era is fundamentally different from the small data 

era. The data we used is different in terms of size and sources. Previously, we carried out the 

experiments based on sampled data from official authorities. This kind of data was sampled and 

aggregated by limited investigations and acquisitions. OSM data is generated by individuals and 

can easily be downloaded for analyses. We can adopt fractal analyses based on the latest OSM data. 

Furthermore, social-media data contains location information, which can be a good source for 

researchers to study human behaviors in a geographic space.  

 

Accordingly, this study is motivated by the fractal nature of geographic features. Before the birth of 

fractal theories, the conundrum of length confused the scientists for many years. With the 

development of geographic science, the scale problem relating to the fractal nature of geographic 

features has been widely discussed. This study demonstrates scale issues on different geographic 

features and verifies that the fractal thinking and topological analyses can effectively deal with 

scale issues, with the help of OSM and Twitter data. 

 

1.3 Aims of the study 

It is known that scale is an important concept in the field of geography and has multiple meanings. 

The main purpose of the study is to statistically demonstrate the how scale affect the different 

geographic features and how to deal with the scale effects on geographic features. The scale is 

closely related to the notion of fractal. Geographic features are fractal in nature across all scales, so 

they cannot be directly measured. The fractal geometry concerns all scales and uses other 
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measurements such as fractal dimension to characterize the geographic features. However, 

traditional Euclidean geometry tends to measure geographic features at one certain scale or a 

limited range of scales. This study aims to illustrate the fallacies that arise from scale issues when 

measuring geographic features using Euclidean and fractal approaches. Apart from these cases, this 

thesis argues that topological and scaling analyses are suitable approaches to deal with these scale 

fallacies in geography (Jiang and Brandt 2016). The general thesis aims are listed below and 

introduced in detail later. 

 

AIM A: To demonstrate scale effects on three kinds of geographic features 

AIM B: To calculate the ht-index and fractal dimension of geographic features 

AIM C: To perform topological and scaling analyses on OSM and Twitter data 

 

This study‟s first aim is to demonstrate scale effects on different kinds of geographic features. The 

first kind is linear features such as coastlines. A coastline has complex curves and is considered the 

most classical natural fractal shape. This study first aims to statistically prove that the length of a 

coastline will increase with the decreasing measuring scale. The second kind is areal geographic 

features. The areas of the British island at different measuring scales are different. This study aims 

to demonstrate the relationship between area and scale of areal features. The third kind of 

geographic feature is the terrain surface, or topological form. This study aims to analyze the scale 

effects on digital elevation models (DEMs) and their derivative, slope datasets. The values of 

elevation and slope are not consistent when the scale (resolution) changes. This study aims to 

uncover how elevation and slope change with decreasing resolution and this study does not focus 

on the way to calculate the slope from DEMs. 

 

The second aim of the study is fulfilled by performing the experiments of the first and third aims. 

Mandelbrot (1967) explained the conundrum of length by using the British coastline to propose the 

fractal characteristic of the coastline and computed the fractal dimension of the western coastline of 

Britain as 1.25. The calculation process of fractal dimension illustrates the scale effects of the linear 

geographic features by means of Richardson‟s plot (Richardson 1961). As a result, this study aims 

to calculate the fractal dimension of the British coastline using two common methods: The 

yardstick method, and the box-counting method. The fractal dimension of the topological form can 

be calculated using a variogram (Lloyd, 2014). This study only aims to illustrate the scale 

dependency of slope and not calculate the fractal dimension. In this study, we also perform scaling 

analysis to calculate the ht-index (Jiang and Yin 2014) of the street network in terms of connectivity, 

length and other topological-based parameters, based on head/tail breaks (Jiang 2015), which is a 

new classification scheme under the fractal paradigm of thinking to uncover the scaling pattern and 

calculate the hierarchy levels (ht-index) of the fractals. 

 

The third aim of the study is to exemplify that the topological and scaling analyses are reasonable 

ways to deal with scale effects on geographic features. Euclidean geometry and linear way of 

thinking have dominated the approach of spatial analysis in GIS for decades. However, there is a 

novel paradigm shifting that emphasizes the power of topological and scaling way of thinking, 

especially in the field of spatial analysis. Topology refers to the relationship between spatial objects, 

which is different from Euclidean geometry, which uses points, lines, and angles to describe its 

axiomatic system. Scaling (also called scale-free) means there are far more small things, and 

examines the hierarchy structure that lies between them. More specifically, scaling of geographic 

space refers to the fact that for a large geographic area, its small parts are much more common than 

the large ones (Jiang 2010). This study aims to perform topological analyses on London OSM 

streets and tweet locations to predict Twitter users‟ presence. The correlation between connectivity 

and tweets point must be calculated. 
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1.4 Structure of the study 

This study consists of six chapters. The first chapter is the introduction, which generally introduces 

the background, motivation, specific aims, and how this thesis is structured. The second chapter 

introduces important theoretical foundations such as scaling laws, head/tail breaks, ht-index, 

natural cities and natural streets, and volunteered geographic information, in order for readers to 

understand the whole study. The third chapter reviews Euclidean and fractal geometry and their 

underlying ways of thinking.  

 

Chapter four uses three case studies to illustrate scale effects on three different kinds of geographic 

features. This chapter discusses the scale effects on linear geographic features and introduces two 

methods to calculate the fractal dimension on coastlines: The yardstick method and the 

box-counting method. The chapter then discusses scale issues on areal geographic features, which 

is an island in this case. The third part of this chapter shows that the scale also affects elevation and 

slope values derived from DEMs. Finally, this chapter discusses these cases together.  

 

Chapter five adopts the case study of scaling and topological analysis of London OSM and Twitter 

data to prove the aforementioned hypothesis. The topological analysis focuses on the spatial 

relationship, rather than geometric details. Scaling analysis reveals the universal scaling pattern of 

far more small geographic features than larger ones. These two novel methods of geospatial 

analyses are devoid of scale issues. More important, topological and scaling analyses give us new 

approaches to capture the spatial heterogeneity properties of geographic features. All these point 

views are discussed at the end of this chapter. 

 

Chapter six makes conclusions and provides possible directions for future work. Chapters four and 

five are the two central chapters in this study. Chapter four demonstrates the problem, and Chapter 

five tries to deal with the problem from fractal and topological perspectives. This study also 

provides two tutorials in the appendices. One discusses automatically generating natural cities 

using the ArcGIS model. The other discusses assigning tweet points to natural streets in ArcGIS. 

Figure 1.2 shows the structure of the whole thesis.  

 

 

Figure 1.2: The structure of this study. (Note: Cases I, II and III demonstrate the scale effects on 

geographic features, and case IV demonstrates how to handle scale issues.) 

 

2. Basic concepts 

1. Introduction 

3. Fractal theories 

4.1 Case I 
Coastline 

4.2 Case II 
Island 

4.3 Case III 
DEM Slope 

5. Case IV Topological and scaling analyses and discussion 

6. Conclusions and future work 

References Appendices 

4.4 Discussions on Case I, Case II and Case III 
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2. Basic concepts  

This chapter introduces some basic concepts that will be frequently used in this thesis. The first 

section introduces the notions of scaling law, head/tail breaks, and ht-index. These concepts are the 

foundation for the successive chapters. The scaling pattern is a universal structure in the 

geographic space. However, old classifications of the geographic features cannot capture the 

scaling property due to traditional Gaussian ways of thinking. Head/tail breaks is a new 

classification scheme that delineates the scaling pattern of the geographic features. It further reveals 

the hierarchical levels of different geographic features. The number of hierarchical levels is termed 

as the ht-index, which describes the complexity of geographic features. The second section 

introduces the notion of natural cities, which are derived through a head/tail division process. The 

third section introduces the concepts of topological representation and natural streets. The 

concepts in these three sections are vital in the following parts of the thesis.  

 

2.1 Scaling, head/tail breaks and ht-index 

Geographic space demonstrates a universal scaling pattern showing that there are far more small 

components, or units of geographic features, than large ones. The scaling pattern is commonly 

found in certain street-related geographic features. A street network is scaling in terms of 

connectivity. Street blocks are derived from minimum close rings of street segments and are scaling 

in terms of sizes (Jiang and Liu 2012). The scaling can be mathematically described by the formula 

of power-law relationship, y = cxa, where a is the power-law exponent, c is the constant, and y is 

the number of units. Many world phenomena fit power laws such as word frequency in language 

(Zipf 1949). Only a few words are always used, while most words are not frequently used in 

English. The histogram of power-law distribution is a right-skewed curve and a straight line if we 

take a logarithm at both sides of the equation. The scaling property can be visualized by the 

head/tail breaks (Jiang 2012) method. The head/tail breaks result conveys a sense of beauty out of 

the hierarchical pattern (Jiang et al. 2014). 

 

The head/tail breaks is a new classification scheme for data with a heavy-tail distribution. It 

iteratively classifies data into two parts: The head part with minority values above the mean value 

of the data; and the tail part with the majority values below the mean value. The classification stops 

when there is no longer a minority or majority part of the data. The derived classes reflect the 

hierarchy of the data, showing the living structures of the geographic patterns (Jiang et al. 2014). 

The notion of ht-index refers to how many times the scaling pattern of geographic features repeats 

at different scales. A higher ht-index indicates a more complex structure of geographic features. If a 

geographic feature has a ht-index of h, it means that the pattern of far more small things than large 

ones recurs (h-1) times. We can use this method to capture the underlying hierarchical structure of 

street networks. This structure is very realistic and natural because the number of the hierarchy and 

the content in each hierarchy is determined by the data itself. 
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Figure 2.1: The illustration of head/tail breaks using a set of numbers 

 

The process of head/tail breaks can be simply illustrated by a set of numbers: 1, 1/2, 1/3 … 1/10. If 

we plot the set of numbers on the y-axis and their reciprocals (1, 2, 3…10) on the x-axis, we get a 

long tail-shaped plot (Figure 2.1). We first calculate the mean value of these 10 numbers for a 

result of 0.29. The first head is for numbers larger than 0.29, so there will be three numbers in the 

head. Since the head part is the minority, we can continue to calculate the second mean of the three 

head numbers. The second mean is 0.61. The second head part is 1, and the second tail part is 1/2 

and 1/3. In this way, a set of 10 numbers can be divided twice into three parts. The process is 

termed head/tail breaks and the ht-index of the set is 3. This set of numbers can be regarded as 

fractal because the scaling pattern (far more small things than large ones) appears twice.  

 

The notions of scaling pattern, head/tail breaks and the ht-index can be intuitively applied to 1,000 

randomly located cities (Jiang 2015). The size of cities follows a power-law distribution, which is 

one kind of heavy-tailed distribution. The formula of city rank and city size is y=x-1. This is an 

optimized case because all the scattered points are located exactly on the trend line. After head/tail 

breaks, 1,000 cities were split into five different classes according to their size. Each class was 

heavy-tailed distributed in rank-size plots (Figure 2.2).  

 

 
Figure 2.2: The scaling pattern of the 1000 random derived cities and nested rank-size plot. 
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The head/tail breaks, together with the scaling property of the geographic space provide us a novel 

approach to generalize a map (Jiang et al. 2013). Map generalization can be divided into two types. 

Cartographical generalization is the process of geometrical simplification in a scale-reduction 

process. Model generalization is a structurally based filtering that considers the topology 

characteristics (Jiang et al. 2004). The aim of the map generalization is to retain important 

properties or objects and remove redundant objects of the geographic space. Scaling properties 

imply that there are far more less-important things than more important ones in geographic space, 

which makes it possible to generalize a map, according to the scaling of geographic space. For 

example, a minority of streets account for a majority of traffic flow (Jiang 2009). Both length and 

connectivity of Swedish street networks exhibit the scaling property (Figure 2.3). Map 

generalization results by using head/tail breaks are better than Töpfer‟s radical law (Jiang et al. 

2013) because this kind of map generalization captures the underlying hierarchy property of the 

geographic space, namely, scaling.  

 

 
Figure 2.3: The Swedish street network at different levels of detail: (a) source map, (b) level 1, (c) 

level 2, (d) level 3, (e) level 4, (f) level 5, (g) level 6, and (h) level 7 (Jiang et al. 2013) 

(Note: Blue = least-connected streets and red = most-connected streets) 

 

The geographical world can be characterized by a map. Map generalization as the middle process 

of mapping provides evidence for the fractal nature of maps and mapping (Jiang 2015). The key 

fractal concepts are recursion, self-similarity, and scaling. Furthermore, the authors not only 

adopted the geometric properties of lengths, but also used the connectivity graph to topologically 

represent the street network to make the results more reliable. Euclidean geometry is not a good 

candidate for representing the complex geographic world (Egenhofer and Mark 1995). Topological 

thinking, as an important element of naive geography, can be an intelligent way to uncover 

complex spatial properties. Topology, in a mathematical sense, is the study of the qualitative 

properties that are unchanged after geometric distortion (Jiang 2013). It concerns the spatial 
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relationship, rather than shape, size, and locations. Based on this view, Jiang et al. (2004) 

developed a model-based, map-generalization method by using nodes in a graph to represent the 

named streets and the links in a graph to represent the connections between streets. Using this 

topology model, we can see the underlying fractal structure of far more small things than larger 

ones. As a result, the scaling must be considered an indispensable law of geography and GIScience. 

 

2.2 Natural cities 

The term ‘natural cities’ refers to human settlements or general human activities on the Earth‟s 

surface that are naturally or objectively defined and delineated from massive geographic 

information based on the head/tail division rule of the non-recursive form of head/tail breaks (Jiang 

and Miao 2015, Jiang 2015). Such geographic information comes from various sources, such as 

massive street junctions and street ends, a massive number of street blocks, nighttime imagery and 

social-media users‟ locations. Distinct from conventional cities, natural cities are created from a 

mean value calculated from a large amount of units extracted from geographic information (Jiang 

and Miao 2015). For example, these units can be triangulated irregular network (TIN) edge lengths, 

area units for street blocks, and pixel values for nighttime images (Figure 2.4). For point-based 

natural cities, the mean value is calculated from the lengths of the TIN edges. For block-based 

natural cities, the mean value is calculated according to the size of the city blocks. The night-light 

image natural cities are calculated from the averaged pixel values or digital numbers (DN) of the 

nighttime raster.  

 

 
 

Figure 2.4: Three types of natural cities in the UK, (a) block-based natural cities, (b) night image 

natural cities, (c) point-based natural cities from street nodes (Jiang and Liu 2010) 

 

Natural cities are a good representation of the real world because the process to derive them is very 

close to the reality. In this study, natural cities are used to define the boundaries of each city, based 

on the street-junction points to make the results more reliable. Traditional city boundaries are 

defined by administrative and official authorities, while natural cities boundaries are decided by the 

data itself. The shapes of the administrative city boundaries are regular and simple, which lack 

living structure. In comparison, natural cities‟ boundaries are usually irregular and complex. Fractal 

geometry can describe the pattern of natural cities. Figure 2.5 shows the difference between official 

city boundaries and natural city boundaries. The administrative boundary looks boring and 

unnatural, while the natural city boundary appears more vivid and natural. 
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Figure 2.5: The difference between administrative and natural city boundaries of London 

 

Figure 2.5 (a) shows the administrative boundary of the London area. Although some parts of the 

boundary lines are defined according to natural geographic features, such as mountains, rivers and 

valleys, most of the boundaries are subjectively defined by authorities. Euclidean geometry 

describes the boundaries using regular shapes. However, the natural city boundaries are complex 

and irregular, as shown in Figure 2.5 (b). Traditional Euclidean shapes can hardly describe natural 

cities. The natural city is much like natural features, such as lakes and coastlines. They are more 

natural than traditional cities because they are essentially fractal. Streets can also be derived from 

their segments in a natural way. The next section will introduce the notion of natural streets and 

their novel topological representation.  

 

2.3 Natural streets and topological representation 

Natural streets are derived from split street segments with some specific reconstruction methods, 

according to the Gestalt principle. Jiang et al. (2008) proposed some joining methods based on 

good continuity, smallest deflection angle, or same name of street segments. Due to the problem of 

data quality, some features or records in shapefile format are not the real streets. They can be a part 

of the real street and dangling line or the duplicated line segments. Especially in the era of big data, 

volunteered geographic information is popular, which means that everyone can draw the streets and 

add them to online databases. This will lead to unstable quality of big data. These defects of the 

original data prevent us from correctly analyzing the street network. Fortunately, we can solve the 

problem by splitting the original street network into segments and reconstructing them into natural 

streets. This process is much like assembling Lego toys; dismantling the imperfect buildings into 

pieces and reassembling those pieces into a better building.   

 

The process of creating natural streets can be created in ArcGIS with Axwoman installed (Jiang 

2015). Before deriving the natural streets, the street segments should be generated in advance. In 

ArcGIS, building up topology involves splitting the original streets into segments at every 

intersection (Jiang and Claramunt 2004). The natural streets are then created from these segments, 

according to the geometric properties, based on different join principles such as every-best-fit, 

self-best-fit, and self-fit. Different join-segments principles lead to different natural streets. 

Axwoman 6.3 provides three ways to form natural streets from segments: Simply tracking strokes, 

joining segments based on every-best-fit, and joining named segments. The latter two also detect 

complex junctions such as roundabouts and forked roads. Figure 2.6 (b) shows the natural streets 
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joined from street segments of Figure 2.6 (a), based on the every-best-fit principle.  

 

After deriving natural streets, street networks can be represented in a topological graph for further 

analyses. In many GIS software packages, the topology representation is traditionally based on 

geometric details. As Figure 2.6 (a) shows, the grey nodes are the junctions or nodes of the graph, 

and the grey segments are links in the graph. Although this kind of graph is useful for route 

computations based on fewest turns or shortest distances, it lacks the living structure in terms of 

connectivity. For example, the grey junctions or ends in both Figure 2.6 (a) and Figure 2.6 (b) have 

small connectivity variations (the highest connectivity is 4, and the lowest is 1). Unlike traditional 

topology, in which nodes and links are, respectively, street nodes and streets, the new topological 

representation shows the street network in a different way. It is more pure than traditional ones that 

regard natural streets as nodes and intersections as links in a graph (Jiang et al. 2008). The black 

lines and nodes in Figure 2.6 are the new topology graph.  

 

 
Figure 2.6: The illustration of street segments, natural streets, and their topological representations: 

(a) segment-based connectivity graph (b) road-based connectivity graph (Jiang et. al 2008) 

 

The new topological representation focuses on connectivity relationships between natural streets, 

rather than geometric details. The variation of connectivity in the new representation tends to be 

more intense than in the old one. For example, the highest connectivity of natural streets in Gävle is 

49 and the lowest is 1. The twenty percent of the highly connected streets account for eighty 

percent of the traffic flow (Jiang 2009). These streets are naturally defined because they are derived 

according to their inherent location and spatial properties. The named natural streets also concern 

the same streets name to join the street segments, except for good continuity. The street segments 

appear to be more or less similar in terms of length and connectivity. The natural streets are 

self-organized and show a scaling structure in terms of length and connectivity from a topological 

perspective. The natural streets and topological representations are meaningful, effective 

approaches to detect relationships between spatial property of geographic features and human 

behaviors in the big data era.   
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2.4 Volunteered geographic information and geospatial big data 

Volunteered geographic information (VGI) is created, assembled, and disseminated by individuals 

(Goodchild 2007). The widespread use of web services has greatly promoted the development of 

VGI. Initially, Internet users could only passively receive information from a web server. Later on, 

network protocols enabled users to generate some basic content on a server‟s database. Shortly 

thereafter, more user-generated content appeared, including wikis and blogs. This double-way 

communication between web servers and clients is called Web 2.0 (Goodchild 2007). Driven by 

Web 2.0, VGI is quickly becoming an important type of complementary geographic information. 

Since VGI is the geo-referenced information generated by the general public, constraints such as 

copyright, data standards and legal issues are not as strict as with other geographic information. As 

a result, data is easy to edit, use, and share. The OpenStreetMap (OSM) is one such VGI that has 

been influential in GIS and our daily lives. It is a collaborative project inspired by Wikipedia to 

create a free, editable map of the world. So far, it has more than 2 million users who contribute data 

by various means, such as remote sensing, aerial photos and field surveys. The content is also 

accurate because people can edit or correct information created by others, which reflects the power 

of crowd-sourcing. 

 

VGI, together with other geo-referenced social-media data has dramatically changed people‟s way 

of thinking. Data generated by public users and disseminated by the Internet, over mobile devices, 

is larger in size than any other data. Moreover, it is also dynamic and in various formats (Sui 2005). 

It is termed big data, with the several well-accepted characteristics, such as volume, variety, 

velocity, and veracity (Laney 2001). With the help of geospatial technologies, such as global 

positioning systems (GPS), remote sensing and GIS, geographic information became one dominant 

type of big data (Jiang and Thill 2015). This type of data has shown its value to society via disaster 

prediction, economic analysis, climate-change analysis and infrastructure monitoring (Li et al. 

2016). On the other hand, big data is a new paradigm that could alter people‟s ways of thinking 

about GIS (Jiang, 2015). First, big data is derived by crowd-sourcing, which is bottom-up and 

decentralized thinking. For example, Twitter, Wikipedia, OpenStreetMap, and Google, all rely on 

user contributions. Second, big data differs from small data in terms of geometry and statistics. 

Small data uses sampled data, which cannot represent the whole geographic world.  

 

Euclidean geometry cannot accurately describe the irregular patterns of the geographic world. Big 

data covers a wider scope of the geographic world, for which conventional Gaussian distribution is 

not appropriate to characterize the underlying pattern. Instead, the power-law distribution 

characterizes the heterogeneous geographic world. Because big data covers the whole geographic 

scope, it shows the heterogeneity and diverse content described by the universal law of scaling, 

implying that there are far more small things than large ones (Jiang et al. 2013). If we alter our way 

of thinking from Gaussian way of thinking to the Paretian and fractal thinking (Jiang 2015) in 

handling big data, we can find the real structure and patterns behind big data, and efficiently gain 

knowledge from the surrounding geographic world. 
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3. Fractal theories 

Euclidean geometry is a fundamental tool that enables us to measure our surroundings in the 

simplest way. It uses the regular shapes, such as points, lines, circles and cubes, together with their 

sizes, locations and directions to describe geometric shapes (Gibson and Christopher 2003). In 

Euclidean space, a point is defined as a Hausdorff dimension of zero, a line is one-dimensional, an 

area is two-dimensional, and a volume (such as a cube) is three-dimensional (Lam 2004). 

Euclidean geometry is an accurate, simple way to measure regular geometric shapes no matter if 

they are in a two-dimensional plane or a three-dimensional volume. However, Euclidean geometry 

is not appropriate for more complex, irregular shapes that are common in the natural world, such as 

coastlines, river networks and snowflakes. Because these irregular shapes contain far more small 

parts than large ones, it is hard to characterize them using regular shapes. Fortunately, fractal 

geometry (Mandelbrot 1982) provides new perspectives and methods to deal with irregular patterns. 

The fractal dimension characterizes the complex degree of the irregular shapes. It is a non-integer 

value that increases as the geometry form grows more complex. For example, if a curve becomes 

more complex, its fractal dimension value increases as a decimal number within the range of one 

and two. The following section introduces the definitions of fractal geometry. 

 

3.1 Three definitions of fractal 

3.1.1 Strict fractals 

The first definition of fractal is about strict, or mathematical, fractals. The Koch curve is strict 

fractal that illustrates the idealized self-similarity property of fractals. It was first introduced by the 

Swedish mathematician Helge von Koch in 1904.The Koch curve starts from a line segment with 

the length of one unit. The segment is then equally divided into three parts and uses the middle 

parts as the base to draw an equilateral triangle. Finally, the base is replaced with two sides of the 

triangle. A segment is then transformed into a curve that consists of four equal segments. We 

continue to adopt the same procedure to four smaller segments. The second iteration leads to 16 

segments, and the third iteration generates 64 segments. If the iteration continues infinitely, there 

will be an infinite number of segments, and the length of the curve will be infinitely long, forming 

the Koch curve (Figure 3.1 a). The Koch‟s fractal dimension can be calculated by the following 

formula: log(4)/log(3) = 1.26. Generally, the fractal dimension can be calculated by the formula: D 

= -log(N)/log(r), where N is the number of parts or segments and r is the measuring scale.  

 

 
Figure 3.1: Strict fractals: (a) Koch curve, (b) Cantor set and (c) Sierpinski carpet 

 

Another famous, strict fractal pattern is the Cantor set, which is recursively generated by equally 

dividing a unit into three parts and removing the middle part (Figure 3.1 b). The length of the unit 

at iteration k is (1/3) k, and the number of parts at iteration k is 2 k, or 1, 2, 4, 8, 16, and so on. As a 
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result, the fractal dimension of the Cantor set is -log(2)/log(1/3) = 0.63. If we follow a similar 

process, but in a two-dimensional form, we can derive a plane fractal, Sierpinski carpet. In each 

step, the size of the square shrinks to 1/3 of the original square, result in eight new squares. 

Accordingly, the fractal dimension of the Sierpinski carpet is –log(8)/log(1/3) = 1.89. All three 

examples of strict fractals have properties of strict self-similarity, indicating that the fractal form is 

exactly the same as a part of itself. If we zoom in on the bottom Koch curve in Figure 3.1 (a) at 

different levels, we can find the exact same forms of the upper three curves.  

 

3.1.2 Statistical fractals 

The second definition of a fractal is statistical fractal. The difference between strict fractals and 

statistical fractals can be seen from the Richardson plot (Richardson 1961). In this plot, the x-axis 

is the logarithm of the measuring scale r, and the y-axis is the logarithm of the number of the parts 

of the fractal patterns. The power law is the regression type, and the trend line of the fractals is a 

straight line. The measuring scales of the Koch curve are 1/3, 1/9, 1/27, and so on. The 

corresponding number of Koch curve segments is 4, 16, 64, and so on. In the Richardson plot, the 

scattered data point is located exactly on the trend line. The regression formula of the Koch curve is 

y=x-1.26, in which the negative power value is the fractal dimension of the Koch curve. However, t 

the number of parts and the measuring scale more often do not have a strict power-law relationship 

in the Richardson plot, and the scattered data points are not located exactly on the regression trend 

line. If we do not change the measuring scale, the number of the segments changes to 6, 14, 59, and 

so on. The regression formula then changes. The r2 is no longer 1, but 0.9782. The Richardson plot 

of the statistical fractals is the second case. The difference between strict fractals and statistical 

fractals can be clearly seen in Figure 3.2. 

 

 
 

   Figure 3.2: The difference between strict fractals and statistical fractals in the Richardson plot 

(Note: The left figure is the strict fractal, and the right figure is the statistical fractal) 

 

The aforementioned strict fractals are relatively easy to generate by recursive algorithms. However, 

most geographic features are seldom strictly fractal through all scales (Lam 2004). Mandelbrot 

(1967) relaxed the definition of the strict fractal to a statistical fractal. The statistical fractal shapes 

are not absolutely self-similar, but statistically self-similar. Under this statistical fractal definition, a 

coastline is fractal. The Koch curve looks too rigid and stiff to be seen in the nature. The statistical 

Koch curve is created randomly and is more like the real coastlines. Figure 3.2 shows three 

different kinds of curves. Figure 3.3 (a) is a strict fractal curve, or a Koch curve. It is strictly 

self-similar and rarely appears in nature. Figure 3.3 (b) is a randomized or statistical Koch curve, 

which is created by adding a random coefficient to the scale ratio. The statistical Koch curve looks 

more like a natural coastline. Figure 3.3 (c) is the real coastline extracted from the British coastline. 

The appearance of the real coastline is irregular and similar to the randomized Koch curve. The 

main contribution of Mandelbrot‟s statistical fractals is that it makes fractals more widely 



17 

 

applicable for geographic features and other irregular patterns in the economic and social fields. In 

this regard, coastlines, river networks, tree branches and even stock price fluctuations are thought 

to be fractal. Statistical fractals are relaxed versions of strict fractals. Furthermore, if we continue to 

relax the constraints of strict and statistical fractals, we find a novel definition of fractals; namely, 

scaling patterns.  

 

3.1.3 New definition of fractals  

The third definition of fractals goes beyond the previous two, which rely on fractal dimension and 

self-similarity (Mandelbrot 1982). This new definition is more relaxed than the previous two and is 

more widely applicable. The third definition states that fractal has close relationship with scaling, 

referring to the fact that there are far more small things than large ones (Jiang 2010). With this new 

definition, we can regard a set or a pattern as fractal or scaling if the pattern of far more small 

things than large ones recurs at least twice, or if the ht-index of the pattern is at least 3 (Jiang and 

Yin 2014, Jiang 2016). The ht-index refers to the recurring number of far more small things than 

large ones. It characterizes the complexity of the scaling patterns. The ht-index can be calculated 

with head/tail breaks, a novel data classification scheme for heavy-tailed distributions (Jiang 2012). 

It recursively divides the data into head and tail parts according to the average or mean value until 

there are no more head or tail parts. Figure 3.3 (d) is a cartographic curve with 11 segments. It is 

not a fractal pattern under previous definitions, but the lengths of bends (Jiang 2016) are fractal 

according to the new definition. The curve consists of far more small bends than large ones (b1 + 

b2 + b3 > b4 + 5 + … + b10 and b1 > b2 + b3).  

  

 

 
 

Figure 3.3: Different definitions of fractal curves. (a) Strict Koch curve, (b) statistical Koch curve, (c) 

real coastline curve, and (d) third definition of fractal curve 

 

 

Under the third definition, city sizes can also be fractal. For example, there are 1,000 naturally 

derived cities (Figure 2.2). The size is the random value between 0 and 1, the location of which is 

randomly distributed. The sizes of those cities follow a fractal pattern. There are far more small 

cities than large ones. The percentage of the smallest cities is very high, while the percentage of the 

largest cities is incredibly low. The ht-index of these cities is 5, and they can be divided by head/tail 

breaks four times, according to city sizes (Table 3.1). The third definition of fractal can also be 
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used for other geographic features such as street networks.  

 

Table 3.1: Head/tail breaks for sizes of 1,000 cities  

(Note: # = number, % = percentage) 

 

#city # head % head # tail %tail mean value 

1000 134 13% 866 87% 0.01 

134 24 17% 110 83% 0.04 

24 6 25% 18 75% 0.16 

6 2 33% 4 67% 0.41 

 

 

Mandelbrot relaxed the definition of strict fractals to become statistical fractals, but there are still 

some limitations for this definition. The scale r and number of detailed parts N should meet a 

power-law relationship (Newman 2005). However, it is hard to find a best-fit power-law 

relationship for most of the fractal patterns before they are fully developed (Jiang and Yin 2014). 

Instead, they may meet an exponential or lognormal relationship. The traditional fractal dimension 

captures the complexity, or the space-filling extent (Salingaros 2012), of the fractals. However, it 

cannot capture the complexity of individual iterations. For example, no matter the iteration of the 

Koch curve, its fractal dimension is consistent. Instead, the ht-index can differentiate the scaling 

pattern of the fractals among different iteration stages. It can easily reveal the scaling pattern of far 

more small things than large ones. The views of space-filling and measuring things at the 

individual scale are still Euclidean. Instead, we must revise Euclidean thinking to fractal thinking. 

We must consider all the scales and the scaling hierarchy of the geographic features. The 

differences in the two ways of thinking are summarized and discussed in the next section.  
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3.2 Euclidean and fractal ways of thinking 

Euclidean geometry provides the most straightforward way to manage regular shapes. Its way of 

thinking is straightforward and focuses on measuring the individual parts. However, it is inadequate 

for complex patterns, due to their irregularity and self-similarity. Fractal geometry can imitate 

nature to describe many natural patterns, such as mountains, coastlines, and clouds (Mandelbrot 

1982). Fractal geometry aims to find underlying scaling patterns from a holistic perspective, rather 

than measure partial sizes, shapes and directions (Jiang and Brandt 2016). The word fractal comes 

from the Latin adjective fractus, meaning broken, and was coined by Mandelbrot to describe 

fragmented or irregular patterns in nature. Although the word sounds similar to fraction, it is a 

fundamentally different paradigm. A fraction is part of the paradigm of Euclidean geometry and can 

be perceived as more or less similar fragmented things. In comparison, fractal or scaling refers to a 

pattern in which there are far more small things than large ones (Jiang 2015). This pattern involves 

all scales. Within this scaling or scale-free pattern, we cannot use a characteristic meant to stand for 

the whole set. Jiang and Brandt (2016) compare Euclidian and fractal thinking from six 

perspectives (Table 3.2). 

 

Table 3.2: Comparisons between Euclidean and fractal thinking (Jiang and Brandt 2016). 

 

Euclidean thinking Fractal thinking 

Regular shapes Irregular shapes 
Simple Complex 

Individuals Pattern 
Parts Whole 

Non-recursive Recursive 
Measurement (= scale) Scaling (= scale free) 

 

Euclidean and fractal thinking are synonymous with Gaussian and Paretian thinking (Jiang 2015). 

In Euclidean and Gaussian thinking, most things are more or less similar that can be represented by 

a characteristic or well-defined mean. Conversely, fractal and Paretian thinking consider that there 

are far more small things than large ones, and tends to follow the heavy-tail distribution that cannot 

be well-characterized by a well-defined mean. Jiang (2015) argued that Paretian thinking is better 

for understanding geographic forms and processes. Geographic features are not evenly distributed, 

so show a scaling or scale-free pattern. Coastlines, city sizes, topographic forms, and population 

densities all show the scaling pattern.  

 

Fractal thinking is not only about the scaling pattern, but also about recursively decomposing 

whole fractal patterns. Euclidean thinking only measure things at a few scales, but fractal thinking 

recursively decompose things across all scales. In other words, it is a scale that links the Euclidean 

shapes and fractal patterns together (Jiang and Brandt 2016). Take a look at the Koch curve at 

iteration 3, which consists of 64 segments of Euclidean shapes at the same scale of 1/27. However, 

if we recursively decompose this curve, it consists of 85 (64 + 16 + 4 + 1) segments at scales of 

1/27, 1/9, 1/3, and 1. The Koch curve is a fractal geometric shape that can be decomposed of an 

infinite number of segments at infinite scales, showing a scaling pattern of far more small segments 

than large ones. 

 

Fractal thinking is important because it is distinct from Euclidean thinking in two ways: It handles 

geographic features from a holistic perspective; and it recursively processes geographic features to 

discover the scaling pattern that we cannot see from Euclidean geometry. Using the Sierpinski 

carpet as an example (Jiang 2015), fractal thinking focuses on the whole. Figure 3.4 shows four 

iterations of the carpet containing 512 + 64 + 8 + 1 = 585 squares at four different scales. These 

four scales of squares can be automatically derived through head/tail breaks. 
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Table 3.3: Head/tail breaks for the Sierpinski carpet  

(Note: # = number, % = percentage) 

 

#Data #head %head #tail %tail mean 

585 73 12% 512 88% 0.0169 

73 9 12% 64 88% 0.0492 

9 1 11% 8 89% 0.1358 

 

We can see that fractal thinking recursively divides the 585 squares into two parts, according to the 

mean size. The head part always has a small proportion of the whole data set. This reflects the 

fractal nature of the Sierpinski carpet, indicating there are far more small squares than large ones. 

This imbalance can be plotted in a nested rank-size plot, in which the x-axis stands for the number 

of squares and the y-axis stands for size (Figure 3.4). From the plot, we can see that the size of the 

carpet follows a heavy-tailed distribution. The scaling pattern of far more small squares than large 

ones appears in every size plot. Through three head/tail breaks, we see that the ht-index of the 

Sierpinski carpet is four, and it increases as the iteration continues.  

 

 
 

Figure 3.4: The four hierarchical levels of the Sierpinski carpet and nested rank-size plot 

 

Compared to Euclidean thinking, fractal thinking captures the deeper structure of geographic 

features, rather than just their geometric details. The geometric details are important but are dry and 

boring. However, the living structures of geographic features are vivid, conveying a sense of beauty 

(Alexander 2002). The geometric pattern of the Sierpinski carpet is just squares. However, the 

recursive pattern makes boring geometry look interesting. The hierarchical levels can be visualized 

with the help of the HT mapping function of Axwoman 6.3 (Jiang 2015). The four levels are 

rendered in a rainbow-like color ramp, in which red stands for the big squares and blue stands for 

small squares. Euclidean thinking provides fundamental measurements of geographic features, and 

fractal thinking reveals the profound insight of geographic features. 

 

Fractal thinking aims to automatically extract geographic features in different scales. It provides 

ways to handle complex scale issues in the field of geospatial analyses. Scale makes fractal and 

Euclidean thinking different. Fractal thinking aims to consider all scales of geographic features, but 

Euclidean thinking only looks at one scale or few scales. Scale plays an important role in both 

Euclidean and fractal geometry, and their corresponding ways of thinking. The following part of 

the thesis will discuss in detail how scale affects geographic features. 
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4. Case studies demonstrating scale issues of geographic features 

Measuring geographical features has been a long-term pursuit of human beings. However, our 

surrounding geographic features are so infinitely complex that they can only be measured at a 

specific scale or a limited range of scales. This is inadequate because many geographic features are 

fractal and cannot be measured at specific scales. Not just natural features such as coastlines, 

mountains and clouds are fractal (Mandelbrot 1982), but also many manmade features. Cities are 

fractal in term of sizes, forming a scaling hierarchy (Batty and Longley 1994, Jiang and Yin 2014, 

Jiang 2015). Goodchild and Mark (1987) pointed out that geographic phenomena are fractal in 

nature, and scale of measurement is very important. For example, the more irregular a line, the 

greater deviation there will be between different scales of measurements (Lloyd 2014). Assuming 

that geographic features are measureable or non-fractal is a common fallacy (Jiang and Brandt). 

The following sections adopt three examples to statistically and prove that this fallacy really exists 

in three kinds of geographic features in detail: The length of the British coastline; the area of the 

British island; and the topographic surface of northern Britain.  

 

4.1 Case I: Scale issues on coast length 

The length of the curve will exponentially increase with the exponential increase of the map scale 

(Richardson 1961). This relationship provides a way to deal with this conundrum of length. If we 

plot the change of the measure scale against the change of the length and take the logarithm at the 

x-and y-axes, there tends to be a linear relationship for the fractal curves. This enables us to predict 

the length of the curve at other map scales. This plot is known as a Richardson plot (Richardson 

1961). Figure 4.1 shows the Richardson plots for the Koch curve of iteration 3. Koch curves meet a 

power-law relationship of y = x-1.26, where x is the measuring scale and y is the length of Koch 

curve. The slope of the distribution line in the logarithmic Richardson plot is equal to the fractal 

dimension. Accordingly, the fractal dimension of the British coastline can be calculated based on 

Richardson‟s theory. 

 

 
 Figure 4.1: Richardson plots at both linear and logarithm scales for the Koch curve  

(Jiang and Yin 2014) 

 

The fractal dimension can characterize the complexity of fractals. This study will use the yardstick 

and box-counting method to calculate the fractal dimension of the British coastline. Figure 4.2 

shows four different scales of measuring yardsticks. The British coastline becomes longer as the 

yardstick lengths decrease. The detailed calculation of the length change will be discussed in the 
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next section when calculating the fractal dimension using the yardstick method. 

 

 
 

Figure 4.2: The length of the British coastline changes with different scales of yardsticks 

 

 

4.1.1 Fractal dimension of the British coastline (yardstick method)  

The fractal dimension of a linear geographic feature can be calculated by the yardstick method. 

This is also called the walking divider method. Mandelbrot (1967) illustrated how to calculate the 

fractal dimension based on the logarithmic Richardson plot (1961). He found that the slope (S) of 

the line distribution in the logarithmic Richardson plot has a relationship to the fractal dimension 

(D): 

 

D = 1-S                             (1) 

 

If we can plot the logarithm measuring scales against the logarithm length of the curve, we can get 

the fractal dimension. The yardstick method uses a step length (yardstick) and measures the number 

of yardsticks (steps) that cover the fractal curve to estimate the fractal dimension. The yardsticks 

cover the curve so that the next yardstick starts at the end of the last yardstick, until it reaches the 

end of the curve. However, the resulting number of yardsticks is not an integer due to the last 

yardstick. A proportion of the last yardstick lengths must be added to the total numbers. The main 

aim of this method is how to decide the minimum and maximum lengths of yardsticks. It is 

unnecessary to choose a starting yardstick that is shorter than the minimum length of the segment 

with a curve, but it is still time-consuming to choose too small a yardstick as the starting step 

length.  

Shelberg et al. (1982) suggested an appropriate starting value for a yardstick is half the averaged 

distance of all segments within a curve. The minimum number of yardsticks is approximately five. 

The length of yardstick exponentially increases. In other words, if the start length is 2 km, the 

following lengths should be 4 km, 8 km, 16 km, and so on.  This avoids the statistical bias when 

taking bi-logarithmic measurements on scale and length using a linear regression to estimate slope 

value (Shelberg et al. 1982). The following part will discuss in detail the derivation process of 

fractal dimension D from a linear regression. Assuming that the yardstick length is r, the number of 

the yardsticks is N and total length of the fractal curve is L: 

 

L = N * r                             (2) 
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According to the fractal dimension Mandelbrot originally defined (1967), C is a positive constant 

value: 

 

L = C * r
 1 – D

                         (3) 

 

Then we take a logarithm at both side of the formula: 

 

log (L) = log(C) + (1 - D) log(r)              (4) 

 

From this formula we can get the linear relationship between total length (L) and the measuring 

scale r. Furthermore, the slope (S) of the line mentioned above is 1 - D, making calculation of D 

from the slope meaningful. If we combine formulas (2) and (4), we get the following formula: 

 

log (N) = -D log (r) + log(C)                  (5) 

 

This formula provides an alternative way to calculate the fractal dimension by plotting the number 

of the yardsticks instead of the total length. The resulting fractal dimension is the negative of the 

line slope (D = -S) in the Richardson plot. 

 

The fractal dimension was calculated with the help of ArcGIS 10.2 software and the ArcObjects 

10.2 development environment for the ArcGIS application and Excel 2010. ArcGIS is used for data 

preparation, processing, and visualization. The calculation process is illustrated in Figure 4.3 using 

the different environments or software. The yardsticks shapefiles at different sizes or scales should 

first be generated to calculate the fractal dimension using the yardstick method. The first step is to 

get the start scale of the yardsticks. The British coastline is a single line feature and it must be split 

into multiple segment features at each vertex. This can be done using the ArcGIS function Split 

Line at Vertices. After deriving the segments, we use the ArcGIS function Calculate Geometry to 

calculate the length of each segment and get the mean length of all segments. The initial length of 

each yardstick should be half the mean length. A small program developed with ArcObjects is used 

to generate different scales of yardsticks. The input of the program is the yardstick length and the 

coastline shapefile. The output is the yardstick vertices and shapefiles. These two shapefiles are 

opened in ArcGIS to check the length of yardsticks and the number of yardsticks at each scale. 

Excel is used to record the information that we checked from ArcGIS. We can later plot the series 

of yardsticks numbers against the series of yardstick scales (lengths) on the x- and y-axes in Excel 

to calculate the fractal dimension using a Richardson plot. 

 

 

 
 

Figure 4.3: The process of calculating the fractal dimension using the yardstick method. Note: the 

processing software for steps 1, 2, 3, and 5 is ArcGIS 10.2. The processing software for step 4 is 

developed with ArcObjects. Excel 2010 is the data-processing software for the last step. 
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The algorithm to generate the yardsticks using ArcObjects is analogous to the Shelberg algorithm 

to create dividers. Shelberg (1982) introduced a method to add new points along curves using a 

chord length to intersect the curve each time until the whole curve is covered. With the help of 

ArcObjects, the algorithm used in this study is more straightforward than Shelberg‟s. The algorithm 

iteratively draws circles and picks intersections as the new circle center: 

 
Function CreateYardsticks (yardstick length, coastline, start point) 

 Draw a circle where center is the start point; 

 Get the intersection points of circle and the coastline; 

// There can be more than two intersection points.  

// The needed point is the first intersection along the coastline 

in clockwise direction. 

Choose one point from those intersections and add it to the yardstick 

vertices list;  

 Draw a new circle where center is the previous chosen point; 

 While (the new point is not inside the first circle) 

Repeat drawing new circle and adding new points to the yardstick 

vertices list steps; 

    Create yardsticks vertices from vertices list and create yardsticks 

shapefiles; 

End function 

 
 

4.1.2 Fractal dimension of British coastline (box-counting method) 

Box counting is the most frequently used method to estimate the fractal dimension of 

one-dimensional and two-dimensional data (Annadhason 2012). Voss (1986) originally developed 

this method to estimate the fractal dimension, which considers the numbers of the occupied boxes 

and the side lengths of the boxes. Specifically, the box-counting method uses different sizes of 

square boxes to cover the geographic feature and counts the number of the boxes that intersect, or 

are covered by, the coastline. Assuming the side length of the box is ε and the number of boxes that 

contains the fractal feature is N(ε), the fractal dimension DB follows the formula: 

 

DB = lim - (log N(ε)/log ε) 

 

The fractal dimension can be estimated by the least-square method, which calculates the slope of 

the trend line of N(ε) and ε pairs in a bi-logarithmic plot. The more sample points we use, the more 

accurate the result will be. The r2 of the trend line also reflects the accuracy of the least-square 

method. As a result, it is advisable to estimate the fractal dimension in a wide range of scales. In 

this study, the scale range and number of scales are same as the yardstick method to be comparable 

to the yardstick fractal dimension.  

 

The box-counting fractal dimension can be calculated in ArcGIS 10.2 and Excel 2010. The 

different sizes of the boxes or grids are first created in ArcGIS 10.2. In ArcToolbox, it is convenient 

to create grids in different cell sizes using the Create Fishnet function (under Data Management  

Feature Class tabs). The boxes that intersect with the coastline are then selected, and the number of 

the selected boxes is recorded in Excel, together with their side lengths.  
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Figure 4.4: The box-counting method to calculate the fractal dimension using different boxes 
 

Figure 4.4 shows that the number of boxes increases as the scales or sizes of the boxes decrease. 

The definition of the fractal dimension implies that the number of boxes and box sizes follow a 

power-law relationship (Mandelbrot 1977), N(ε) = A * ε–D, where A is a constant number. N(ε) 

increases exponentially as ε decreases. As a result, if we insert a scatter plot of a series pair of N(ε) 

and ε, the fractal dimension can be easily calculated from the equation of the trend line. There are 

two different forms of equations that convey the same meaning. The first form of the equation is 

that we directly adopt a scatter plot of N(ε) and ε. The trend equation is then a power-law equation, 

and the resulting D is the power coefficient. The second form is that we take a logarithm on N(ε) 

and ε, and insert a scatter plot, and then the trend equation is a linear equation. The resulting D is 

the negative value of the slope of the linear trend line. 

 

 

4.1.3 Results of the case study 

The measuring scale has a large effect on the total length of the coastline. In this study, we chose 12 

different scale yardsticks to measure the length of the British coastline. The shortest yardstick is 

250 m, and the longest is 512 km. The yardstick length of each scale is twice that of the previous 

scale. Using the method mentioned in the previous section, we can find the corresponding number 

of the yardsticks that cover the British coastline at each scale. It takes 38,911 of the shortest 

yardsticks of 250 m to cover the entire British coastline. The longest yardsticks are 512 km. It only 

takes four of these yardsticks to cover the entire coastline (Table 4.1). The last column in Table 4.1 

shows that the length of the coastline decreases with the increasing length of the yardsticks. For 

example, the length is 9,727.72 km when the yardstick length is 250 m, and the length is 9,407.5 

km when the yardstick length is 500 m. This confirms that the length of the coastline depends on 

the measuring scale. If we want to infer the length at specific scale, a linear regression can be 

performed to predict the length of the coastline.  

 

 

 

 

 

 

 

 



26 

 

Table 4.1: The lengths of the British coastline change with different yardsticks 

(Note: S = measuring scale, the length of the yardsticks and the side length of the box, #Y = number 

of yardsticks, #B = number of boxes, L = total length of coastline) 

 

S #Y #B L 

0.25 38911 49727 9727.75 

0.5 18815 23679 9407.5 

1 8866 10962 8866 

2 4066 4965 8132 

4 1811 2522 7244 

8 776 982 6208 

16 321 415 5136 

32 134 176 4288 

64 55 72 3520 

128 23 29 2944 

256 10 10 2560 

512 4 3 2048 

 

The yardstick length and the number of yardsticks can be plotted against the x- and y-axes at a 

logarithm scale. In the logarithm plot, the scale and the number of yardsticks meet a power-law 

relationship, and the trend line is a straight line. The r2 is 0.9991. The power value is the negative 

value of the yardstick fractal dimension. Figure 4.5 shows that the regression formula is y = 

8679.7x-1.214, so the fractal dimension of the British coastline is 1.214.  

 

  
 

Figure 4.5: Fractal dimension calculation using yardstick method 

 

The box-counting fractal dimension can be calculated by a similar process. In the Richardson plot, 

the x-axis is the box side length, and the y-axis is the number of boxes covering the coastline at a 

logarithm scale. The regression formula is y = 11439 x-1.253, with an r2 of 0.9959. As Figure 4.6 

shows, the power of the formula is -1.253. The box-counting fractal dimension of the British 

coastline is 1.253. 
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Figure 4.6: Fractal dimension calculation using box-counting method 

 

Case I mainly illustrates that the length of the coastline decreases with the increasing measuring 

scale. In the process of the illustration, we can get the fractal dimension of the British coastline. 

Mandelbrot (1967) calculated the fractal dimension of the western British coastline as 1.25. The 

yardstick method is the most popular for the linear features. Box-counting is also popular because it 

is suitable for any dimensional features (Klinkenberg 1994). The yardstick fractal dimension is 

smaller than the box-counting fractal dimension method. The actual fractal dimension of the British 

coastline should be a value between 1.214 and 1.253. 

 

4.2 Case II: Scale issues on the area of an island 

The scale problem not only exists in linear geographic features, but also in areal geographical 

features such as lakes and islands. The area of an island is not consistent but changes with map 

scale or image resolution (Jiang and Brandt 2016). In Figure 4.7, the British island is covered with 

different sizes of boxes in each map scale or resolution. The number of the boxes that intersect the 

British island increases as the scale of the boxes decreases. Since the total area of the British island 

is the number of the boxes multiplied by its number at specific scale, the area of the island is 

scale-dependent.  

 

To investigate the statistical details of the scale effects on the island, we can use the similar method 

when calculating the box-counting fractal dimension. The only difference is that the box-counting 

method only counts the boxes that intersect the coastline, but not the interior. In order to count the 

boxes intersecting the interior, the linear coastline must first be converted to the areal polygon 

feature. The boxes that intersect with the island polygon are then selected in ArcGIS. The numbers 

of the selected boxes are recorded in Excel, and the scale effects on the island can be later analyzed 

in Excel. The scale issue also affects some second-order measurements that are related to the area 

of the geographic features (Jiang and Brandt 2016). For example, when we calculate the 

kernel-density, the different scales lead to different study areas. If the sample points are consistent, 

the result density also varies with the scales. 
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Figure 4.7: The area of the British island changes with different scale of boxes 

 

The area of the British island also varies with different measuring scales. Figure 4.8 shows that the 

area drops dramatically with the exponentially decreasing of the box-side length at the beginning. 

This drop slows down when the box-side length get smaller. The trend line of this drop can be 

clearly seen in the following figure. The reason for the area change is obvious. When the box size 

is big, the bigger areas not inside the island are counted into the final result. In ArcGIS, we use the 

intersect tool to choose the boxes. As long as only a small part of the area touches the box, it will 

be counted into the final result. This operation causes redundant areas in the final result, and the 

redundant value is bigger in the coarse scales or big box sizes. As a result, when the boxes size gets 

smaller, the redundant areas will also become smaller, leading to the appearance of the trend line in 

Figure 4.8.   

  

 
 

Figure 4.8: Area of the British island changes with different box sizes 

 

The detail statistic of the British island area is recorded in Table 4.2. At the first three or four scales, 

the area changes dramatically. It drops from 352,256 km2 at 64-km grid size to 242,048 km2 at 

8-km grid size. This is because the bigger the box size, the more over-estimated the area that will 

be counted into the final result. The area of the British island drops slightly when the box size 

becomes smaller, from 8 km to 250 m. Obviously, the smaller the box size we choose, the more 

accurate the result we get. This result is obvious because the higher resolution image From case II, 

we can infer that the actual area of the British island is approximately 217,296 km2 and the actual 
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value is smaller than this. When we continue to shrink the grid size, we can get a more accurate 

result, although the calculation process will take longer. 

 

Table 4.2: The areas of the British island change with different box sizes 

(Note: L = side length of box, S = box size in km2, # = number of boxes covered, A = total area) 

 

L S # A 

64 4096 86 352256 

32 1024 292 299008 

16 256 1024 262144 

8 64 3782 242048 

4 16 14453 231248 

2 4 56151 224604 

1 1 220856 220856 

0.5 0.25 874423 218606 

0.25 0.0625 3476735 217296 

 

Case II illustrated the fact that two-dimensional geographic features will also be affected by 

different measuring scales. It is easy to understand because the boundary of the island is the 

coastline, which is fractal. The two-dimensional island also has fractal properties. Measuring the 

area is under the paradigm of Euclidean. We cannot get exact area of island due to its fractal nature. 

Instead, we should change to fractal thinking to deal with the areal geographic features. We can 

find out the hierarchical levels of the city sizes inside a country level. The hierarchical levels of the 

whole cities are more meaningful than the individual city sizes. Except for the man-made features, 

we can also find hierarchical levels of the natural features, such as lakes and islands. The different 

level of area stands for the different scales. Concerning the whole data, all of the scales of the data 

can be considered. This is fundamentally fractal thinking. The next case will discuss the scale 

effects on raster-based data used to describe the topographic surface, or the digital elevation model 

(DEM) and slope.  
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4.3 Case III: Scale issues on topographic surface 

The topographic surface is also fractal, for there are far more low and flat area than high and 

fluctuate area. Digital elevation models (DEMs) are a widely used representation of terrain surface, 

which can be obtained from contour lines, topographic maps, field survey points, and satellite 

images (Burrough 1986). DEM can be represented in a raster by using squared cells (pixels), with 

an elevation value associated to each pixel (Manuel 2004). The terrain factors derived from DEM, 

such as elevation, slope and aspects, are useful for hydrology and soil-erosion studies. DEM 

resolution can have great impact on those terrain factors (Wang et al. 2013). This is partly because 

the raster comprises discrete elevation units, and the distance of those units is determined by the 

survey methods, which are scale-sensitive. Many researchers have studied such impacts. Wu et al. 

(2008) focused on the sensitivity of DEM-derived hydrologic attributes with the reduction of 

resolution. Wang et al. (2013) studied the differences between elevation and slope derived from 

DEM with three resolutions at watershed scale. Grohmann (2015) investigated the differences 

between slopes and aspects from different scale DEM sources. All these studies showed that the 

accuracy of DEM-derived parameters decreases with the resolution reduction of multi-scale DEM. 

The variation of resolution has distinct impacts on different DEM-derived attributes at different 

study scales. This case aims to find out the scale effects on DEM and slope values. 

4.3.1 Study area and data preparation 

The study area is located in the mountains of Scotland, in the northern part of Great Britain (Figure 

4.9). The highest peak, Ben Nevis, is located within this area. The topographic form in this area is 

very heterogeneous and fluctuant. There are not only high mountains, but also low channels and 

valleys. The complexity and heterogeneity of the topographic form enabled us to explore the scale 

effects in different types of terrain. Since the slope is calculated directly from the DEM, the 

distribution of the slope is also heterogeneous. We further chose three smaller areas of high, low, 

and mixed slope values to analyze how slope changes with the scale in different topographic forms. 

 

 
Figure 4.9: Study area of the DEM  

 

The DEM data is OS Terrain 50, downloaded from the Ordnance Survey website. OS Terrain 50 is 
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a new digital elevation product for Great Britain. It is supplied as a set of 50-m gridded digital 

terrain models in ASCII Grid format. A square area as large as 25.6 * 25.6 km2 was chosen for the 

analysis. The original DEMs were in separate mosaic datasets and needed to be pre-processed in 

GIS. With ArcGIS 10.2, they were merged into a whole DEM and projected into the Europe 

Equidistant Conic projection system, using bi-linear resampling method to avoid artifacts 

(Grohmann 2015). Finally, a 25.6 * 25.6 km2 polygon shapefile was used to clip the whole DEM to 

get a ready-made DEM with 512 rows and columns at a 50-m resolution. 

 

Before investigating the scale effects on DEM and slope, which is a second-order derivative from 

DEM, a series of DEM and slope raster datasets in different scales must be created from an original 

DEM at the finest resolution. A series of DEMs in different resolutions were first generated in 

ArcGIS, using the Aggregate Mean function. There are more ways to create reduced resolution 

image, but they are not the focus of this study. This study focuses on the fractal property of DEM 

and slope datasets. In the ArcGIS environment, there are two principal ways to change raster cell 

size, known as Resample and Aggregation. The Resample tool in ArcGIS provides several 

interpolation methods, such as nearest neighbor, bilinear and cubic interpolation, to alter the 

resolution of the input raster data. The nearest-neighbor method is suitable for discrete or 

categorical data, such as land-use, because it does not change pixel values. The pixel value of the 

output raster depends on the nearest cell measured from two cell centers. The bi-linear interpolation 

uses the four nearest pixels to determine the new cell value. Different from the nearest-neighbor 

method, the new-pixel value is altered to an average value, which is weighted for distances of the 

four surrounding pixels. Cubic interpolation works similar to bilinear interpolation, but it takes 16 

surrounding cells to calculate the resampled pixel value. Moreover, it creates a smoother raster than 

bi-linear interpolation. Bi-linear and cubic interpolations are suitable for continuous data. The 

Aggregation tool creates a reduced-resolution raster using sum, minimum, maximum, and mean. In 

Figure 4.10, if we set the cell factor as 2, and specify the aggregation method as the mean, the 

value of the new cell is the averaged value of four pixels in the original raster. For example, the 

value of the upper-left cell in the right raster is 3 by taking the mean of the four cells in the left 

raster ([4 + 2 + 5 + 1]/4 = 3).  

 

 
 

Figure 4.10: Illustration of the aggregation process to create a reduced-resolution raster 

 

The aggregate tool is used to create the reduced-resolution DEM and slope because it is simple and 

does not require a minimum number of pixels. In this study, we focus on the scale effects on slope 

dataset but we does not focus on the different methods to calculte the slope from DEM. The 

method to calculate the slope is defaut method in ArcGIS. The bi-linear interpolation is used to 

avoid artifacts when projecting the DEM and slope datasets. A series of DEMs can be easily 

generated by the aggregate tool in ArcGIS. However, there are actually two approaches to create 

the series of slopes. Since the slope tool in ArcGIS is most frequently run on elevation datasets 

such as DEM, the first approach is to directly create the slope rasters from DEM at different 

resolutions. The second approach is to create a finest-slope raster from the finest DEM and 

resample or aggregate the finest slope raster to coarser ones. The first approach has several 
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limitations. The first limitation is that the slope calculation process is realized by a 3x3 plane, so 

the minimum number pixels of a DEM must be 9+1 = 10 pixels. The second limitation is that the 

relief will be attenuated by resampling finer DEMs to coarser ones, resulting in a reduced range of 

slope (Chow and Hodgson 2009). In order to avoid such limitations, Grohmann (2015) suggested 

that the coarser morphometric derivatives of DEM, such as slope and aspect, should be derived 

from a higher-resolution DEM, and resampled to the coarser resolution as needed. In this study, 

nine DEMs of different resolutions were derived, using the aggregation tool in ArcGIS. We use the 

first approach to create eight slope datasets because the coarest DEM has only four pixels that 

cannot be used to calculate the slope. Instead, nine slope datasets can be derived by the second 

approach.   

  

4.3.2 Modeling scale effects on DEM and slope 

Once the series of DEM and slope-raster datasets are created, we can investigate the scale effects 

on the DEM and slope values. This study mainly focuses on the range of elevation and slope across 

scales and how the slope values change with the scales. In this study, nine scales of DEM are 

generated, ranging from 50 m to 12.8 km. Figure 4.11 shows four scales of DEM and slope datasets. 

Their resolutions are, respectively, 200 m, 400 m, 800 m, and 1600 m. The DEM and slope values 

are scale-dependent, and the ranges of the DEM and slopes also change with the resolution. If we 

pick one pixel at the finest resolution of DEM, there will be only one pixel corresponding to this 

pixel at each scale. Inversely, if we choose one pixel at the coarest resolution of DEM, there will be 

many pixels that correspond to the chosen pixel at each scale. The number of corresponding pixels 

depends on the scale difference between two DEMs. The number of corresponding pixels at each 

scale grows by 4n, where n is a positive integer indicating the scale difference. For example, if we 

choose one pixel in the coarsest DEM with a resolution of 1600 m, there will be four (41) 

corresponding pixels at a resolution of 800 m, 16 (42) corresponding pixels at a resolution of 400 m, 

and 64 (43) corresponding pixels at resolution of 200 m. 

 

 
Figure 4.11: The DEM and corresponding slope-raster datasets in different resolutions  

(From left to right: 200 m, 400 m, 800 m, and 1600 m) 

 

These two methods of choosing the start pixel (from the finest or the coarsest resolution) originated 

from the essence of the raster data structure. When the resolution of the raster becomes coarser, 
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every four pixels are merged into one pixel. This can be illustrated by the quad-tree data structure 

of the raster data (Li and Gong 1992). Assume the pixels of three different resolutions are the nodes 

in a full quad tree (Figure 4.12). There are two ways to choose the pixel. We can choose one start 

pixel at the finest raster (red node at the bottom). There is only one node at each resolution that 

corresponds to the chosen node. As a result, there is only one trend line of each start pixel or node 

in the final chart. Alternately, we can choose one start pixel at the coarsest raster (red node at the 

top). There will be 16 nodes corresponding to the start node, resulting in 16 trend lines when we 

plot the slope value against the resolution change. The first way to choose a start pixel enables us to 

see a clear trend of the slope change, while the second way covers more pixels so that we can get a 

more generalized result. 

 

 

 
Figure 4.12: The quadtree structure of raster data in three different resolutions and the nodes 

standing for the pixels 

 

Once the start pixels are determined, we can plot the pixel values at different scales. In the plot, the 

x-axis stands for different scales, the y-axis stands for pixel values, and the scattered points can be 

connected together to form a trend line that enables us to see the how the pixel values change with 

the scales. As illustrated above, the number of trend lines depends on which resolution from which 

we start to choose the pixel. If we start with a pixel at the finest resolution, there will be only one 

trend line of the chosen pixel. However, if we choose a pixel at the coarsest resolution of 1600 m 

(Figure 4.11), there will be 64 trend lines for these images at four scales. This study adopts nine 

scales to analyze the scale effects of DEM and slope. As a result, if we choose one pixel from the 

coarsest resolution image, there will be 65,536 (48) trend lines. We should choose less trend lines to 

see them clearly. In other words, we should choose the start pixel at a finer resolution. Affected by 

the algorithm of aggregation, it is obvious that the DEM and slope values tend to converge to one 

single value at the coarser resolution images. However, whether the slope values of individual 

pixels will increase or decrease is not clear. This is shown in the following part.  

 

4.3.3 The results of the case study 

We first find that the range of the DEM elevation value decreases when the resolution becomes 

coarser. The DEM of the finest resolution (50 m) has an elevation range of 1,341.03 m, while the 

coarsest DEM (12.8 km) has an elevation range of 262.01 meters. Interestingly, the decreasing 

process can be divided into three stages (Figure 4.13). The first stage includes the first three 

resolution levels. The elevation ranges of these levels decreases slightly from 1,341.03 m to 
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1,308.55 m. The scale has slight effects on the elevation ranges within these first three resolution 

levels. The second stage includes the next four resolution levels. There is a more obvious drop of 

the elevation range. The third stage includes the last two levels, in which the trend line of the 

elevation range declines more sharply than in the previous two stages. The coarser the resolution of 

the DEM becomes, the more inaccurate are the derivatives of the DEM. If we use the last two 

levels of DEM to calculate the slope and aspect, the results will be inaccurate. 

 

 
Figure 4.13: The resolution effects on the elevation range of DEM (Note: Level 1 resolution is the 

finest resolution of 50 m, and level 9 is the coarsest resolution of 12.8 km) 

 

Second, the slope range generally declines with decreasing resolution, no matter how we create the 

slope datasets. However, different ways to generate the resolution-reduced slope datasets yield 

different results. Figure 4.14 shows the difference between two approaches to derive the 

resolution-reduced raster datasets. The first approach directly calculates the slope from its 

corresponding DEM. The resolution has a large impact on the range of the resulting slope value. As 

the DEM resolution becomes coarser, the slope range drops dramatically. The second approach 

derives a series of slope datasets from the finest DEM and then aggregates to the coarser slope 

datasets. The decreasing trend of the slope range is not as steep as with the first approach. These 

results conform to Grohmann‟s (2015) findings. The second way to derive the resolution-reduced 

slope datasets is more accurate than the first. 

 

 

 
Figure 4.14: Resolution effects on the degree range of slope datasets derived from two approaches  

(Note: Level 1 resolution is the finest resolution of 50 m, and level 9 is the coarsest resolution of 12.8 

km. Slope1 stands for the slope datasets created by the first approach, which directly calculates slope 

values from each DEM. Slope2 stands for the slope datasets created by the second approach that first 



35 

 

calculates slope from the finest DEM and then aggregates the coarser slope datasets.) 

 

 

The slope values of individual pixels are also affected by resolution reduction. In this study, we 

first chose three single pixels in the high-, medium-, and low-slope areas from the finest-resolution 

slope raster. These areas are respectively located at the lower left, middle, and upper right of the 

slope raster (Figure 4.11: the red crosses in the lower left raster). As mentioned above, choosing 

one pixel at the finest resolution only generates a single trend line (there is only one pixel at each 

resolution corresponding to the start pixel). Accordingly, there are three trend lines showing the 

overall trends of the slope changes in different terrain forms (Figure 4.15). The blue line stands for 

the slope value change in the high-slope area, the red line stands for the medium-slope area, and the 

yellow line stands for the low-slope area. Different slope values in the finest-resolution raster show 

different trends with decreasing resolution.  

 

 
 

Figure 4.15: Three trend lines showing the slope changes in high, medium and low-slope value area 

(Note: The y-axis is the slope in degrees and x-axis is the resolution from the finest to the coarsest.) 

 

First, the high-slope value in the fine-resolution slope raster becomes lower with decreasing 

resolution. As the blue line shows, the slope value in the highest-resolution raster (50 m) is 58 

degrees and drops to 19 degrees in the coarsest-resolution raster. Second, the medium-slope value 

changes slightly when the resolution changes. In other words, the slope values in the fine resolution 

and the coarser resolution images are more or less similar, although there are slight vibrations of 

the trend line. The red line shows that the slope value at the 50-m resolution is 22 degrees and 

changes to 18 degrees at the 12.8-km resolution raster after a slight vibration. Third, the low-slope 

value increases with decreasing resolution, as the yellow line shows. The slope increases from 4 

degrees to 11 degrees with decreasing resolution. These three pixels show the specific trends of the 

slope value change, but they are chosen subjectively. In this study, I only perform one test. This is 

not enough. Other places should be chosen and more pixels must be chosen and plotted to get a 

universal trend. 

 

 



36 

 

 

 
Figure 4.16: Groups of trend lines showing slope changes in high-, medium-, and low-slope area  

 

As mentioned above, we can use the second method to choose more start pixels at the 

coarser-resolution slope datasets. In this study, 1,024 pixels were chosen to plot the trend lines in 

three different areas, including the high-, medium-, and low-slope areas. Figure 4.14 shows the 

trend lines. Figure 4.16 (a) illustrates the area that covers a wide range of slope values from 0 

degrees to 62 degrees. Figure 4.16 (b) illustrates the area that covers a medium range of slope 

values, ranging from 0 degrees to 40 degrees. Figure 4.16 (c) shows the area where the slope values 

are relatively low, ranging from 0 degrees to 17 degrees. All three figures show that the slope 

values are scale-dependent. The overall trend of the slope values change with decreasing resolution 

show that: High-slope values decrease with resolution reduction; low-slope values increase with 

resolution reduction; and medium-slope values change slightly to either increase or decrease with 
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resolution reduction. Finally, the slope values in all three areas tend to converge to one value with 

decreasing resolution. The changing trend of the slope values reflects the fractal nature of the 

terrain forms. 

 

4.4 Discussions of case I, case II, and case III 

We conducted three case studies to statistically demonstrate scale effects on different kinds of 

geographic features. In the first case, we measured the British coastline at different scales using 

yardstick and box-counting methods. We proved that the length of the coastline becomes longer 

when the measuring scale decreases. The coastline is fractal, so it cannot be measured. Instead, the 

fractal dimension can be used to describe the complexity of the coastline. The yardstick and 

box-counting methods are two ways to calculate the fractal dimension. Fractal thinking considers 

all scales so that we can consider as many scales as possible to get accurate results. In this study, 12 

scales of both methods were chosen for the calculation. The correlation between the yardstick and 

box-counting methods are, respectively, 0.9991 and 0.9959. The high correlations of both methods 

indicate that the British coastline is statistically fractal. We can further predict the length of the 

British coastline at any scale within the 12 scales.  

 

The second case illustrates that the area of the British island will become smaller when the box size 

shrinks. With the decreasing size of the box, the area of the British island will converge to the true 

area size. The scale effects on the area and length of the British island confirm that the linear and 

areal geographic features are both fractal and the statistical results will be affected by different 

measuring scales. The calculation of the second case is similar to the box-counting method in the 

first case. The only difference is that first case only considers the boxes on the boundary, while the 

second case considers all the boxes inside the boundary. Figures 4.4 and 4.5 show the difference 

between the two cases, the second case is a hollow version of the first case.  

 

The third case investigated the scale effects on the elevation data of DEM and the slope data 

calculated from DEM. However, this study only uses the default method to calculate the slope. 

Different ways of slope calculation may lead to the different results. The scale effects on the range 

of DEM are not as severe as the derived slope. The slope value finally converges to single values 

regardless of the kind of terrain form. The results in the third case confirm the description in the 

previous study (Jiang and Brandt 2016). However, the high, medium, and low areas in the third 

study were subjectively chosen according to the DEM, and the extent of the study areas is 

relatively small. The calculation of the whole study area is time-consuming in this case. More areas 

should be chosen, and the calculation should consider the whole area to get more common results. 

 

The aforementioned three cases indicate that scale has significant effects on various geographic 

features in terms of length, area, and slope. Such effects are inevitable because of the fractal nature 

(Goodchild and Mark 1987) of geographic features. Since the scale issues in geospatial analysis are 

unsolvable, this study does not discuss new techniques or methods to solve the problem. Instead, it 

tries to tackle scale issues through an alternative perspective of fractal thinking. This is analogous 

to building winding roads in mountainous areas instead of razing the obstacles. Changing the way 

of thinking is important in science. Topological analysis is an effective way to determine scaling 

patterns of inter-connected geographic features such as street networks. Features such as street 

networks are fractal because there are far more less-connected streets than well-connected ones 

(Jiang 2009). Topological thinking focuses on relationships, rather than geometric details such as 

length, size, and other units of measurement. The topological connectivity of streets will not change 

with the scale changes. The following chapter will elaborate on how topological and scaling 

analyses are free from scale issues.  

  



38 

 

 

  



39 

 

5. Topological and scaling analyses on London OSM streets 

Unlike the length of the coastline, the area of the island, the connectivity in a topological graph will 

not change when the scale changes. As a result, the scale effects on geographic features can be 

effectively managed. The inter-connected streets demonstrate the scaling or fractal pattern and are 

free of scale effects. In this study, London streets extracted from the OSM database are used to 

perform topological and scaling analyses. We assign twitter point location data to the nearest streets 

to further explore the relationship between human activities and street structures from a topological 

perspective.  

 

5.1 Study area and data preparation 

The study area is London, defined by the natural city boundary. There are two kinds of data used in 

this study: UK OSM street data and UK tweet check-in location data. To avoid privacy and safety 

issues for Twitter users, the tweet data only contains coordinates and time stamps. The UK OSM 

street data is used to generate street nodes and named natural streets. The tweet data is assigned to 

the individually named natural streets. Street nodes refer to the sum of street junctions and street 

ends. We must first define the boundary of the London area. The boundary of London is naturally 

derived from two sources. The one kind of boundary is generated from massive OSM street nodes 

in the UK, and the other is derived from UK tweet check-in location points. There are 

approximately 3.39 million OSM streets in the UK, which generate approximately 8.56 million 

nodes. There are approximately 2.93 million tweet check-in locations in the UK. These two sets of 

massive point data can be used to create natural cities (Jiang and Miao 2015). To simplify the 

operation process, we created several ArcGIS models using the model builder to create the street 

nodes and natural cities (See Appendix A). The street-nodes boundary is about 1,299 km2, and the 

tweet boundary is about 143 km2. The extent of the streets-nodes boundary is much larger than the 

tweet boundary, as shown in Figure 5.1.   

 

 
Figure 5.1: London boundaries naturally derived from massive tweet points and OSM street nodes 
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5.2 Data processing and methods 

The streets data is downloaded from OSM database. It is easy to acquire, but is kind of unreliable 

because everyone can contribute this kind of the data. We used the London boundary defined by 

massive tweet data. Outside of central London, there is insufficient or less tweet check-in location 

data but there are still rather dense OSM streets, leading to a relatively low correlation result. After 

deciding the extent of the study area, we can use the London tweet boundary to clip the UK OSM 

streets and tweet locations data together. The basic statistics of the case study are shown in Table 

5.1. After clipping, there are 51,092 original OSM streets and 165,963 tweet check-in locations. 

Jiang and Claramunt (2004) adopted a named-streets topological analysis on street networks. We 

used named natural streets to perform the topological analysis. The named natural streets concern 

not only good continuity or least deflection angle (Jiang et al. 2008), but also streets with the same 

name. With help of Axwoman 6.3 (Jiang 2015) and ArcGIS 10.2, we can easily create named 

natural streets from OSM streets. We first need to build up topology for the London OSM streets. 

This was conducted based on the Data Interoperability Tool in ArcGIS. The ArcInfo Coverage file 

is then generated with the topological information. The original streets are then split into segments 

at junctions. 

 

Table 5.1 Basic statistics of different kinds of data 
London original OSM streets 51,092 
London street segments 98,085 
London named natural streets 29,406 
London tweets points 165,963 

 

After building up topology, the data is ready for analyzing hierarchical patterns in terms of 

connectivity. This is close to the urban morphology analysis by using the space syntax (Hillier and 

Hanson 1984). The general principle of space syntax is that space can be broken down into 

components and adopt topological analysis in term of graphs or networks as a representation. Any 

space can be perceived as large-scale and small-scale space, respectively. Small-scale space refers 

to the continuous spaces around us and can be perceived easily from where we are. These infinitely 

continuous small-scale spaces are the components of a large-scale space. Consequently, every 

decomposed small-scale space can be part of the connectivity graph, enabling us to take 

morphological analysis, based on a topological point of view. There are several morphological 

measures, such as connectivity, control value, global and local integration, that can be used to 

describe the urban structure, both locally and globally. 

 

 

In Axwoman 6.3, a space syntax parameter such as connectivity can be calculated from natural 

streets. The natural streets are those segments connected to their adjacent one at the junction with 

Gestalt principle for good continuation (Jiang et al. 2008). The default threshold for generating 

natural roads from segments (also called tracking strokes) is 45 degrees, which means if the angles 

between segments are within 45 degrees, they are joined into one natural street. Since this study is 

based on named natural streets, we can use the Join Streets Based on Name Streets button to join 

the segments. This button first merges street segments with the same name and then joins streets by 

the every-best-fit principle. The every-best-fit principle means that the joined street is the one with 

the smallest deflection angle within the threshold at a junction out of all streets (Jiang et al. 2008). 

We finally generated 29,406 named natural streets (Figure 5.2). Afterward, 165,963 tweet check-in 

location points must be assigned to 29,406 named natural streets, based on the nearest distances 

(Appendix B). 
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Figure 5.2: The London OSM named natural streets and tweet check-in locations. 

 

The distribution of tweet check-in locations can reflect human activities in geographic space. The 

tweet check-in data is one kind of big data that is generated by public users. Distribution of user 

activities is affected by the spatial configuration of the street networks. On the other hand, crowds 

can also provide valuable information for street planning from a bottom-up point of view 

(Surowiecki 2004). Only 20 percent of streets account for 80 percent of traffic flow (Jiang 2009). 

Those streets with high connectivity tend to attract more traffic flow. Therefore, the streets with 

high connectivity will attract more human activities. In this case, high-connectivity streets may 

attract more Twitter users. We can calculate the correlation between street connectivity and the 

number of tweet points dominated by the corresponding street. The tweet points should be assigned 

to their nearest named natural streets. In other words, each named street gets a number of nearest 

twitter points. We can use the Near Analysis tool in ArcGIS to fulfill these previous steps. The 

detailed step is introduced in Appendix B. Finally, we can calculate in Excel the correlation 

between named street connectivity and number of tweets. If the correlation is relatively high, we 

can use the connectivity of the streets to predict Twitter user activities. In other words, the 

topological analysis provides us an efficient tool to study human activities in the big data era.  

 

5.3 Results of case study 

The topological representation of street networks enables us to see their scaling pattern. Through 

head/tail breaks, we can capture their hierarchical structure in terms of connectivity, length, and 

other topologically based parameters. The inter-connected street networks can be divided into 

different hierarchical levels, based on the fractal nature of street networks (Jiang 2009). The 

London named natural streets are also fractal in terms of connectivity, length, and the number of 

dominating tweet check-in locations. First, there are far more well-connected named natural streets 

than less-connected ones. Table 5.2 shows that the connectivity of named natural streets can be 

divided seven times, according to the head/tail division rule. As a result, the ht-index is 7+1 = 8. 

There are six most-connected streets with connectivity greater than 148. However, there are 21,218 

streets with connectivity less than 4. The scaling pattern is very dramatic in London named natural 

streets. 
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Table 5.2 Head/tail breaks for connectivity of London named natural streets  

(Note: # = number, % = percentage) 

 

#Named # head % head # tail %tail Mean value 

29406 8188 27% 21218 73% 3.62 

8188 1868 22% 6320 78% 8.21 

1868 474 25% 1394 75% 18.44 

474 130 27% 344 73% 38.11 

130 42 32% 88 68% 71.53 

42 17 40% 25 60% 112.52 

17 6 35% 11 65% 148.71 

 

After assigning tweet locations to individually named natural streets, we can perform head/tail 

breaks to these streets, according to the number of tweets. Table 5.3 shows that there are also eight 

levels after seven times of recursive division, based on the mean value of the number of tweets of 

individually London named natural streets. The ht-index is 8. The hierarchical levels of tweet 

counts and connectivity are the same, indicating that the complexity degrees of the connectivity 

and number of tweets are identical. We further investigated if there is relationship between the 

connectivity and the number of tweets. 

 

Table 5.3 Head/tail breaks for the number of tweets of London named natural streets  

(Note: # = the number, % = percentage) 

 

#Named # head % head # tail %tail Mean value 

29406 5295 18% 24111 82% 5.64 

5295 1254 23% 4041 77% 27.39 

1254 329 26% 925 74% 76.48 

329 102 31% 227 69% 168.76 

102 29 28% 73 72% 299.22 

29 11 37% 18 63% 491.24 

11 2 18% 9 82% 703.36 

 

To study the correlation between connectivity and the number of tweets, we visualize these 

hierarchical levels or scaling patterns with the help of the HT mapping tool in Axwoman 6.2 in 

ArcGIS. Figure 5.3 shows that connectivity and the number of tweets are represented in a color 

scheme. Red represents high value, and blue represents low value. Figures 5.3 (a) and 5.3 (b) show 

that there are far more blue lines than red ones, indicating that both connectivity and number of 

tweets are scaled. Furthermore, if we look at the red lines in both figures, some lines show identical 

streets in both connectivity and tweet representation. We can visually infer that the connectivity and 

the tweet number of the London named natural streets correlate with each other. To prove our 

inference, we further statistically analyze these two sets of data.  
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Figure 5.3: The visualization of the connectivity of London OSM named natural streets and the 

number of tweet check-in points assigned to the nearest named natural streets 

 

The correlation between the connectivity and the number of tweets of the streets can be calculated 

in Excel using a scatter plot. Before plotting the two kinds of data, the sequence of these data sets 

should be correlated to each other to avoid errors. In the scatter plot, the x-axis stands for the 

connectivity, and the y-axis stands for the number of tweets. The linear regression was adopted 

with a formula of y = 2.7227x - 4.2126. The r2 of the regression is 0.5083, and the correlation 

coefficient is 0.713.  

 

 
 

Figure 5.4: The correlation between the connectivity of London OSM named natural streets and the 

number of tweet check-in points assigned to the nearest named natural streets. 

 

The correlation between connectivity and tweet check-in points is relatively high in this case. This 

means that high-connectivity streets tend to be assigned with more tweet check-in points. The tweet 

check-in point locations are a good representation of human activities. These highly connected 

streets tend to attract more people than less-connected ones. As a result, we can use street 

connectivity to predict human activities through topological analysis. Scaling analysis reveals the 

different attractive degrees of named natural streets in terms of connectivity. 
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5.4 Discussion 

The fourth case adopted topological and scaling analyses of London natural streets. The reason why 

we choose the natural streets instead of street segments is that the connectivity of segments is more 

or less similar while the connectivity of natural streets varies dramatically (Figure 5.5). The 

boundary of the study area is determined by the natural cities of tweet points. The boundary of 

street nodes‟ natural cities is also derived. The extent of the street nodes‟ boundary is much larger 

than the tweet-derived boundary. This is because the street node is denser than the tweet points. If 

we choose the street-node boundary, the correlation is very low due to insufficient tweet points at 

the outer areas of the city center. As a result, the correlation of the connectivity and the tweet points 

is relatively high (r2 is 0.5038) within the smaller boundary. We can predict human activities 

through connectivity of the natural streets within the tweet-derived boundary of central London.  

 

 
Figure 5.5: The connectivity frequency distributions of London named natural streets (a) and 

London segments (b). 

 

The recently development of surveying technology and information technology has generated a 

huge amount of big data relating to geospatial information. How to effectively use this data is a 

major concern of researchers and scientists. Computer scientists use parallel computation, 

distributed file systems, and the MapReduce (Tan et al. 2012) computation algorithm to collect, 

store, arrange and sort big data to effectively analyze the data to acquire information and 

knowledge. In economic and social aspects, big data has created incredible value through the data 

mining and knowledge discovering (Miller and Hanz 2009). For example, big data can be used to 

predict customers‟ business preferences or predict the possibility of an epidemic spreading in terms 

of location and amount. Most big data contains location information, called geospatial big data.  

 

Geospatial big data shows obvious fractal structure, in which there are far more small things than 

large ones (Jiang 2015). This fractal arises because of the properties of geospatial big data. First, 

geospatial big data is generated by public users from diverse sources. Second, the time- and 

space-related properties make the data more complex and dynamic. The complexity is fractal and 

non-linear, so we cannot use Euclidean geometry to manage it. Third, geospatial big data is more 

accurate and at a higher resolution than other data due to advanced data-collection technology. 

High-resolution data leads to a huge amount of big data, which describes the real world at an 

unprecedented detailed scale. Geospatial big data can be easily found to be fractal because the real 

world is inherently fractal (Mandelbrot and Hudson 2004). As a result, fractal geometry should be 

adopted for geospatial data analytics and visualization.   

  

(a) (b) 
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6. Conclusions and future work 

The results of three cases statistically show that the size of coastline, the area of island and the 

elevation of topographic surface are scale-dependent. The fourth case illustrates that connectivity 

will not be affected by scales and it shows the scaling pattern together with the twitter points. The 

measurements such as length or size are not absolute but relative under the Euclidean geometry. 

However, since most of geographic features are fractal in nature, they are essentially unmeasurable. 

We should alter our mind from Euclidean to fractal to examine if there is scaling pattern in 

geographic features instead of measuring their sizes. Section 6.1 concludes the study, and section 

6.2 provides limitations and possible suggestions for future work. 

 

6.1 Conclusions  

The scale has great effect on different geographic features due to their fractal nature. First, the 

length of coastline is not an absolute or determined value. It varies with different measuring scales. 

It is found that the length of the British coastline becomes shorter with increasing measuring scale. 

When the measuring scale is 250 m, the length of the British coastline is 9,727.75 km, which is 

close to its real length. However, we cannot reach the smallest measuring scale, and the real length 

of the British coastline cannot be measured due to its complexity. This exactly reflects the fractal 

property of linear geographic features such as coastlines, clouds, and highways. Second, the area of 

the British island is also scale-dependent. The area becomes smaller and finally converges to the 

real area of the British island with decreasing resolution. When the resolution is 250 m, the area of 

British island is 217,296 km2. The areal geographic features are also fractal so that we can further 

calculate the fractal dimension of British island to examine of its complexity. 

 

The illustration process of scale effects on the length of coastlines and area of islands is actually the 

fractal-dimension calculation process. In this study, the yardstick and box-counting fractal 

dimension of the British coastline are, respectively, 1.214 and 1.253. Mandelbrot calculated the 

west coastline of Britain is 1.25. The boxing-counting fractal dimension is more close to 

Mandelbrot‟s result than the yardstick fractal dimension. Zhong et al. (2012) also indicated that the 

box-counting fractal dimension is more accurate than the yardsticks fractal dimension. The 

yardstick fractal dimension is calculated through iteratively drawing the circles along the coastline. 

The circle radius is regarded as yardstick length. The box-counting fractal dimension is calculated 

through iteratively drawing grids and counting the number of grids which are intersected with the 

coastline. Choosing appropriate start and end scales of both methods is important and the optimized 

way is to choose the range of the measuring scales as wide as possible. However, it is impossible to 

cover the whole scale range due to the calculation capacity. The fractal dimension is still limited to 

describe the fractal features. As a result, we can use ht-index to capture the hierarchical structure of 

fractal features.   

 

The result of third case proved that the range of the elevation and slope are affected by resolution. 

The range of elevation and slope become narrow when the resolution gets coarser. The scale effects 

on the slope range are more obvious than the elevation range. Unlike the length and sizes, there are 

no simple relationships between scale and slope value. Different slope values at the finest 

resolution have different trends when the scale changes. The result shows that the high value 

becomes lower with decreasing resolution, and the low value becomes higher with decreasing 

resolution. The medium slope value fluctuates across scales. Finally, the slope value converges to a 

single value with decreasing resolution, which is the mean value of all pixels.  

 

The fourth case proved that topological and scaling analyses can handle scale issues. The 

topological representation of the streets network is better than the old representation. This is 
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because the scale has great effects on the geometric details while it does not affect topological 

relationships. Based on the topological representation, tweet points can be assigned to individual 

natural streets, and the connectivity of natural streets can be used to predict human activities. The 

correlation between connectivity and the number of tweets is high in central London. This finding 

suggests that the spatial configuration of the streets greatly affects human activities. The highly 

connected streets tend to attract more people than less-connected or isolated streets. Using head/tail 

breaks, the hierarchical levels of the street network can be intuitively revealed. The street network 

is also fractal in terms of connectivity and tweet users. This suggests that a fractal pattern is 

ubiquitous among natural and man-made geographic features.  

 

Data is characterized as big volume, variety, velocity, and veracity in the big-data era (Laney 2001). 

Geographic information is an important part of big data, including volunteered geographic 

information and spatial tagged social-media data. Fractal thinking is suitable for big-data analyses 

because it considers all the available data and focuses on its overall patterns instead of details. 

Globally, the geographic world is heterogeneous. In other words, there are far more small things 

than large ones across all scales. Euclidean thinking inevitably causes errors because it wants to 

measure unmeasurable things. The geospatial results of different geographic features change with 

different scales. The relationships between scales and measurements of different geographic 

features are not consistent. Some are in a regular relationship, while others are not.  

 

In conclusion, scale issues are unsolvable but can be managed using fractal and topological 

analyses. More importantly, fractal thinking should be regarded as a new paradigm, rather than 

empirically verifiable models or new technologies (Goodchild and Mark 1987). The fractal way of 

thinking can capture the hierarchical levels of geographic features. It enables us to get deep insights 

into our surrounding geographic world and lead more harmonious lives.  

 

6.2 Future work 

There are still some limitations of this study. In the first and second case, only 12 scales are chosen 

to illustrate the scale effects on the linear and areal geographic features. More scales should be 

chosen to get more accurate results. In the third case, there are nine scales or resolution of DEM 

and slope datasets. More scales can be chosen to get more accurate results. The other limitation of 

the third case is that the study area is not big enough. More areas in London should be chosen to 

guarantee the results. Moreover, this study only focuses on the slope derived from the DEM. In the 

future, other derivatives, such as aspects, can be used to study the scale effects. Due to the 

calculation speed, only 1,000 pixels of each terrain forms are drawn in Figure 4.14 to investigate 

scale effects. We can choose the whole area in the future to see the pattern of all the pixels change 

with more than nine scales. 

 

This study calculated the fractal dimension of the British coastline using only two methods. The 

calculation of the yardstick method is slow using the program we made. A more efficient program 

should be developed to calculate the fractal dimension using more detailed scales or resolutions. 

Under the new way of thinking, the British coastline can also be used to perform the scaling 

analyses. The ht-index of the coastline can be calculated in the future. For a cartographic curve, the 

lengths of segments and the bends are both scaling (Jiang et al. 2013). In the future, we can adopt 

fractal analyses on the western and eastern parts of the British coastline to reveal the scaling 

structures. For the DEM and slope data, we can perform head/tail breaks on the different scales of 

the raster data. Future work can study how the ht-index of the DEM and slope changes. 

 

The OSM and tweet data were used to perform scaling analyses. As far as we know, the OSM is 

one kind of VGI that everyone can edit the source data. The accuracy and reliability are still 

questionable. In the future, we can choose more reliable data source such as the GPS and remote 
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sensing data. The OSM street data was used to extract the street nodes and rebuild natural streets. 

There are several methods to create natural streets from segments. In Axwoman, we used the 

named natural street method. Different methods to create natural streets from the segments should 

be compared in the future. Jiang et al. (2009) found that the correlation between traffic flow and 

natural streets is sensitive by using different join principles and topological representations. 

Furthermore, the tweet data used in this study has location and time information. In this study, we 

only considered location information. The correlation of different time periods is different and 

warrants future study. Furthermore, other kinds of social-media data can also be used to perform 

similar analyses, so long as we aware about privacy issues. The scaling property of the geographic 

features is vital in our daily lives. In the future, we should aware of scale issues and alter our way 

of thinking from Euclidean to fractal to discover more interesting patterns of our surrounding 

geographic world. 
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Appendix A:  

Deriving Natural Cities from OSM streets nodes and Twitter Using 

ArcGIS Models 

Introduction 

The term 'natural cities' refers to the spatially clustered geographic events, such as agglomerated 

patches from individual social media users' location (Jiang and Miao, 2015). Conventional cities 

are imposed by authorities from the top down perspective, so they are somehow subjective or 

arbitrary. On the contrary, natural cities emerge from the bottom up, based on the notion of the 

wisdom of crowds (Surowiecki 2004). Head/tail breaks (Jiang, 2012) is applied to generate the 

natural cities based on the scaling pattern of the Earth‟s surface in terms of density. In this regard, 

natural cities can also be explained as a meaningful cutoff averaged from a massive amount of units 

extracted from massive geographic information (Jiang, 2015). Since the natural cities are naturally 

and objectively defined from massive geographic information such as OpenStreetMap (OSM), 

nighttime imagery, and location-based social media data (Jiang and Miao, 2015), they are a good 

representation of real world and close to the reality. The derived natural cities can be used as 

naturally defined city boundaries for the related studies. This tutorial aims to give specific 

instructions to extract streets nodes from OSM streets and create natural cities from point features 

such as street nodes and twitter check-in locations using integrated ArcGIS models. The models can 

be downloaded from the following link: 

http://www.arcgis.com/home/item.html?id=47b1d6fdd1984a6fae916af389cdc57d 

 

(Note: the symbol „>>‟ in this tutorial stands for next step of operation. This model builder is based 

on ArcGIS 10.2 and the old versions of ArcGIS are not supported. Computer may not be able to 

recognize some file path when running the model. Right click the model >> Edit >> Check settings 

of each tool to see if there any default file directory >> change it to an available path if any. 

 

Extracting OSM streets nodes using ArcGIS model 

Street nodes refer to the sum up of both street junctions or intersections and the ends of streets. The 

ends of streets also called dangling points. There are two ways to derive street nodes using ArcGIS. 

The first approach needs to build up topology to each street feature while the second approach does 

not need to build up topology. Building up topology means to split streets into segments at each 

intersection. This process can be slow when the amount of streets is large, but it is the most 

accurate way to derive the street nodes. The second approach makes use of the Intersect tool in 

ArcGIS which is more efficient than the first one, but there are some unexpected artifacts in the 

result. The second method is inspired by an Esri blog (Honeycutt, 2013). The user should consider 

your specific demand to use two different alternatives. Since the process to generate the street 

nodes from OSM streets is miscellaneous when perform the step-by-step method in ArcGIS, we 

provide two models for two methods to create the street nodes. Here are the instructions to run 

these two models. 

 
1. Open ArcMap, in the ArcCatalog, find out the folder you save the models. 

 

http://www.arcgis.com/home/item.html?id=47b1d6fdd1984a6fae916af389cdc57d
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2. Double click the „CreateNodesFromMergedName‟ model. In the pop-up window, choose the 

merged named streets shapefile as the input data. Specify the output location and tick shape in the 

Field(s). Click OK to execute the process. 

 

 
 

3. Double click the „CreateNodesFromSegmet‟ model. In the pop-up window, choose the segment 

shapefile as the input data. Specify the output location click OK to execute the process. 
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Here are the detailed processes of two models in ArcGIS model builder. You can see them in detail 

by right-clicking the model >> Edit. (Note: The default workspace of the models is in the default 

operation system disk, i.e. C Disk. As a result, you should run the ArcGIS and those models as an 

Administrator. This is especially important in the latest Windows versions, such as Windows 8 and 

Windows 10 to make sure you have the right to write the generated shapefiles on your hard disks. 

Alternatively, you can also customize your own workspace by changing the output file workspace. 

As the figures shown below, you can double click each round-corner rectangle and change the 

workspace in the output location box as you want. ) 
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Creating natural cities using ArcGIS model 

1. Running ArcMap as administrator.  

Right click the ArcMap icon and choose „Run as administrator‟. By doing this, you will obtain the 

right or privilege to save file on your system disk. 

 

2. Activating the 3D Analyst extension. Click Customize >> Extensions, tick the 3D Analyst 

option. 

 

 
 

3. Add z column to your point data after adding the data in the ArcMap. Right click point feature >> 

Open attribute table >> Add field. The field name is „z‟ in lowercase, and keeps the default value 

zero. 

 

 
 

4. In the ArcCatalog, find NaturalCitiesModel toolbox, double click the Create Natural Cities 
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model to open it. In the pop-up window, you can choose the input point shapefile, the output 

coordinates and output location.  

 

 
 

5. Note that the input data should be point feature class. And it is better to choose the same 

coordinate system as your input data. Once you have added the input data in the ArcMap, you can 

find the same coordinate system under Layer folder. 

 

 
 

6. Click OK and your natural cities will be automatically generated. 
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Note: In the result, there are some patches that are adjacent to each other, they should be dissolved 

into one group and you can choose start editing >> Merge to merge these adjacent patches together. 

If there are a lot of adjacent patches, you need to write a script to merge them automatically. 

 

 
 

Here is the process of creating natural cities in ArcGIS model builder. If you want to change the 

default work space that can adapt to your own PC, you can do like this: right click the model and 

click edit, the below window will pop up. You can double click each round-corner rectangle and 

make sure that the output file destinations exist in your own PC. 
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Appendix B:  

Assigning Twitter points to individual natural streets 

Introduction 

This tutorial aims to provide a step-by-step instruction on assigning the tweet check-in locations 

from the Twitter users to each named natural street (Jiang et al. 2008) and counting the number of 

the tweets dominated by each named natural street. The „named natural streets‟ are created by 

connecting the adjacent street segments according to the same name and the EveryBestFit principle 

(Jiang et al. 2008). From a novel topological point of view, we regard named natural streets as 

nodes and their intersections as links in a connectivity graph (Jiang and Claramunt 2004). In such a 

topological representation, the connectivity of the street network invokes a vivid structure in which 

there are far more named natural streets with low connectivity than which with high connectivity. 

The named natural streets and the topological representation overcome some defects of the 

traditional representation of the streets networks. On the one hand, the street segments are more or 

less similar in terms of length and connectivity, showing a dry and simple structure. On the other 

hand, the named natural streets are naturally defined according to both their inherent spatial 

properties and their external names. As a result, named natural streets show the fractal nature of the 

street networks. The named natural streets are reliable and realistic models that can be used as 

substitution units of the areal units for the spatial analysis. The topological representation of the 

named natural streets suffers less from scale effects (Jiang and Brandt 2016) so that we can further 

assign points based data to each named natural street for the spatial analysis and study.  

 

Assigning points to linear features can be easily realized in ArcGIS. Based on the First Law of 

Geography (Toble 1970), each point should be assigned to its nearest line feature. There are two 

ways to perform the proximity analysis with the help of the Proximity Toolbox in ArcGIS. Firstly, 

we can create buffer areas of the streets and count the number of the tweets covered by the buffer 

areas. Secondly, for each tweets point, we can find the nearest named natural streets using the 

“Near” tool in ArcGIS and the number of the tweets points of each streets can be summarized later. 

In this study, the second method is optimized because all of the tweets points can be assigned to a 

nearest natural street. The data used in this tutorial consists of two parts: (1) The London natural 

streets; (2) The London tweets locations. The software used in this tutorial is ArcGIS 10.2 and 

Excel 2010. (Note: the symbol „>>‟ in this tutorial stands for next step of operation.) 

 

Assigning process in ArcGIS 

1. Start ArcMap 10.2 and load tweets points and London named natural streets shapefiles. In this 

case, there are 16,593 tweets points and 29,406 natural streets. These two shapefiles should be 

pre-processed in the ArcGIS. They need to be clipped within the London boundary. Especially 

for the tweets points, those points outside the boundary will cause inaccurate result when we 

calculate correlations.  
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2. Open ArcToolbox >> Analysis Tools >> Proximity >> Near. The Near function can calculate 

the distance from each input feature to the nearest feature in the near features, within search 

radius. 

 

 
 

3. In the Near tool, the input features should be tweets shapefile and the near features should be 

the natural streets shapefile. Keep the Search radius as default will assign every tweets point to 
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the near features. Because the number of tweets is much more than the number of streets, this 

operation will assign every tweets point a nearest street. We can get the number of tweets 

points to each street by summarizing the same ID of nearest streets. 

 

 
 

4. Right click the tweets shapefile >> Open attribute table. After performing Near operation, two 

columns will be added to the tweets shapefile. One column is Near_FID and the other one is 

Near_Distance. In this tutorial, we focus on the Near_ID column.  
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5. Right click the Near_FID column >> Sort ascending. We can see that there are lots of 

duplicated Near_FID, representing the nearest streets. The duplicated time is the number of 

tweets being assigned to natural streets. 

 

 
 

6. Summarize the duplicated times of the same natural street. Right click the Near_FID column >> 

Summarize >> Select the Near_FID as the Summarize field >> specify the output table location 

as you want. 
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7. The summarized table has three columns, ID, Near_FID and the Count_Near_FID. The 

Count_Near_FID is what we want.  

 

 
 

8. Join the summarized table to the natural streets shapefile. Right click natural street shapefile to 

open its attribute table. Add a new short integer column and name it as NearCount. 

 

 
 

Click the Table Option button (Top left of the table) >> Join >> Choose the FID as the key field 

and the Near_FID in the summarized table as join field >> Click OK to perform the join operation. 
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9. Right click the NearCount column >> Field Calculator >> Select the NearCount equals to the 

Count_Near_FID >> Click OK and click yes to ignore the warning for empty results. The 

empty result will be assigned to zero, indicating there are no tweet points assigned to this 

street. 
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10. Click the Join and Relates >> Remove all joins. Finally, the NearCount is tweets number 

assigned to the individual natural streets. This number can be used to calculate the correlation 

between tweets and connectivity to predict human activities. 
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