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Abstract 

 

The boundaries of the cities are not immutable, they can be changed. With the 

development of the economies and societies, the population and pollution of cities are 

increasing. Some urban areas are expanding with more population or other dynamics 

of urbanization, while other urban areas are reducing with the changing of the 

dynamics. Therefore, detecting urban areas or delineating the boundaries of the cities is one 

of the most important steps for urban studies, which is closely related to human settlements 

and human activities. Remote sensing data is widely used to monitor and detect land use and 

land cover on the surface of the earth. But the extraction of urban areas from the ordinary 

remote sensing data is not easy work. The Operational Linescan System (OLS) is the sensors 

of the Defense Meteorological Satellite Program (DMSP). The nighttime lights from the 

DMSP/OLS provide worldwide remotely sensed data to analyze long-term light emissions 

which are closely related to human activities. But the nighttime lights imagery data contains 

inherent errors. Therefore, the approaches to calibrate the data and extract the urban areas 

from the data are complicated. 

 

The long-term objective of this thesis is to delineate the boundaries of the natural cities of the 

continental United States of America from 1992 to 2010 of nightlight imagery data with all 

the different satellites. In this thesis, the coefficients for the intercalibration of the nightlight 

imagery data have been calculated based on the method developed by Elvidge, et al., but the 

coefficients are new and available. The approach used to determine the most appropriate 

threshold value is very important to eliminate the possible data error. The method to offset 

this possible error and delineate the boundaries of the cities from nightlight imagery data is 

the head/tail breaks classification, which is proposed by Bin Jiang. The head/tail breaks 

classification is also useful for finding the ht-index of the extracted natural cities which is 

developed by Bin Jiang and Junjun Yin. The ht-index is an indicator of the underlying 

hierarchy of the data.  

 

The results of this study can be divided into two categories. In the first, the achieved 

coefficients for the intercalibration of nightlight images of the continental United States 

America are shown in a table, and the achieved data of the urban areas are stored in a data 

archive. In the second, the different threshold values of the uncalibrated images and the 

individual threshold value of the calibrated images are shown in tables, and the results of the 

head/tail breaks classification and power law test are also drawn. The results show that the 

acquired natural cities obey the power law distribution. And the results also confirm that the 

head/tail breaks classification is available for finding a suitable threshold value for the 

nightlight imagery data.  

 

Key words: cities’ boundaries; DMSP/OLS; head/tail breaks classification; nighttime lights; 

power law; urban areas 
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1. Introduction 

In many studies, the urban areas are characterized by the concentration of the 

population, the development of the economy and the concentration of the artificial 

infrastructures or the buildings. In this thesis, the urban areas are characterized by the 

lighted areas which are able to be obtained from the nightlight imagery data. In this 

chapter, a brief introduction to the background of the nightlight image is drawn. Then 

the chosen study areas and the motivation of this study are introduced. Moreover, the 

objectives of this thesis are also introduced. Finally, the structure of this thesis is 

drawn in the last section of this chapter. 

1.1 Background 

With the development of human society, curiosity about the Earth is increasing, and 

with it, the exploration and discovery of Earth is developing. One of the popular 

phenomena regarding the Earth’s surface is urban study which is closely related to the 

development of human society. These circumstances provide more opportunities and 

better prospects for the development of the geographic information systems (GIS) 

which is useful for managing the geospatial information of the Earth’ surface or 

near-surface. Furthermore, the satellite remote sensing (RS) imagery data resource 

can provide effective data for monitoring and detecting spatial changes of land use 

and land cover, and human societies. Global satellite-based observations have been 

extensively and widely used in diverse urban studies or other related research of 

human settlements and human activities. The integration of GIS including 

technologies, software and RS data are applied in many studies of the changes and 

transitions of land use and land cover. Many previous studies have confirmed the 

usability and efficiency of the integration of GIS and RS in different fields of research. 

The most widely used RS data is the Landsat and SPOT. But it is difficult to identify 

different ground features from these kinds of images, and the knowledge of how to 

extract different land covers from these data should be very well known to ensure 

accuracy. Moreover, identifying different kinds of geographic features is a time- 

consuming work. 

 

The nightlight data derived from the Defense Meteorological Satellite Program’s 

Operational Linescan System (DMSP/OLS) make it possible to detect the lights from 

human settlement, gas flares and fires, because that DMSP/OLS has a unique ability 

to collect the visible and near infrared emission sources at low levels of radiance in 

the night (Elvidge, et al., 1997a). Although the initial purpose of using nightlight 

imagery data was to observe clouds illuminated by moonlights, now, the 

characteristics of nightlight data largely determine their usability in detecting the light 

sources of human settlements. There are two spectral bands of the OLS sensor. The 

first is the visible near-infrared (VNIR) band which ranges from 0.4 to 1.1 μm, and 

the second is the thermal infrared (TI) band which ranges from 10.5 to 12.6 μm. The 
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achieved long-term dataset from the nightlight imagery data provides a consistent 

indicator for the source of the illumination which is known as the areas of human 

settlements and industries on the Earth’s surface. However, the nightlight data have 

been used successfully in diverse fields of research at both global scale and regional 

scale, such as the modeling of the spatial distribution of population density, carbon 

emissions, economic activities (Elvidge, et al., 2009), urban expansion (Liu, et al., 

2012), and the growth of population which is closely related to the development of 

our human societies and economies. 

 

The DMSP/OLS imagery data is unique in the domain of the RS data source. It 

provides a different view of surface of the Earth from other kinds of satellite imagery 

data. The brightness and spatial patterns of lights in the night make it possible to 

achieve the representation of human activities in a wide range. The nightlight data 

offers a universal and available satellite data source of the Earth’s surface at night for 

scientists who are interested in nightlights to analyze the urban areas or other related 

issues of population and economy (Doll, 2008). Many previous studies have verified 

the utility and advantages of nightlight imagery data for urban studies or related 

research. As useful data for analyzing human settlements globally scale and regionally, 

the nightlight imagery data has fully exhibited its unique and special ability to 

delineate urban areas. 

 

Even though the extraction of urban areas from the nightlight images is popular now, 

the nightlight imagery data has two possible errors that need to be adjusted. First of all, 

because there is no on-board calibration on OLS sensors, the differences among the 

OLS sensors and variations between different years are obvious in the nightlight 

images from different sensors. The detailed introduction to this possible error and the 

method of calibrating nightlight imagery data are represented in later chapters. 

Secondly, the lit areas achieved from the sensors are larger than the actual spatial 

extends of the light source. This effect is called ‘blooming’ or ‘over-glow’. The 

reasons for this effect and the method to offset it are also explained in later chapters. 

 

Most previous studies have demonstrated that the growth of lit pixels of nightlight 

imagery data is related to the development and growth of human society including the 

human activities. Croft (1973) first discovered and declared the potential of nightlight 

data for detecting human activities. Welch (1980) suggested that the advantages of 

nightlight data should be noticed including mapping the boundaries of cities, 

calculating the coverage and evaluating the power consumption. Sutton, et al. (1997) 

claimed that the nightlight data was an indicator of human settlements in a strong 

qualitative way and pointed out the potential use of nightlight data in studies of 

population of the cities and energy consumption. If the relationship between these 

factors with nightlight data can be identified, the nightlight data will be a powerful 

tool for analyzing the human population at both regional scale and global scale. Gallo, 

et al. (1995) noticed that the nightlight data was useful for evaluating the urban heat 

island effect. Doll, et al. (2000) addressed the availability of DMSP/OLS imagery 
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data for mapping social economic parameters and greenhouse gas emissions at a 

global scale. Imhoff, et al. (1997) and Sutton (2003) used DMSP/OLS data to measure 

urban extension. Nightlight data has been widely used in many fields related to human 

activities in diverse studies. A detailed introduction to more literatures is represented 

in the following chapter. 

 

The most common current approach to classify the geographic features is natural 

breaks method which is often known as the Jenks optimal method or Jenks natural 

breaks. The values of the data are classified according to the distribution of these 

values. Jenks (1967) developed this method to assign the values of the data into 

various classes based on an iterative algorithm, and minimize the variances in the 

classes and maximize the variance between different classes at the same time. But 

natural breaks classification is not appropriate for data values which have the low 

variance between each others, and the ranges of the classes always look arbitrary. That 

is, the underlying concept of the classification is not obvious. 

 

A good classification approach should reflect the inherent pattern behind the values of 

the data (Jiang, 2013b). Jiang (2013b) developed a classification method named 

head/tail breaks classification which is suitable for classifying data values which have 

a heavy-tailed distribution. Unlike the normal distribution which is bell shaped, the 

heavy-tailed distribution is right skewed. There is a typical value (mean value) can 

represent the characteristic of the normal distribution, but the mean value is not 

appropriate to characterize the heavy-tailed distribution. The head/tail breaks 

classification is able to distribute the values of the data into a rank-size distribution 

from low frequency to high frequency and assign the values into head parts and tail 

parts based on various average values.  

 

A detailed explanation of the head/tail breaks classification is drawn in the chapter 2 

and the chapter 3. Meanwhile, an introduction to the heavy-tailed distribution is 

drawn in the chapter 2. Generally speaking, the head/tail breaks classification is useful 

for extracting the underlying pattern of the data. From the head/tail breaks 

classification, the ht-index based on this kind of classification approach is a special 

indicator to describe the complexity of the data. It can find the inherent hierarchy of 

the data. Detailed information about the ht-index is presented in the chapter 2. 

 

The final expectation of this thesis is to obtain the natural cities from the study area. 

The concept of the natural city was developed by Jia and Jiang (2010). They defined 

the natural cities as the urban areas which are achieved naturally or automatically. 

Jiang and Jia (2011) also defined the natural cities as the natural conditions of human 

activities like the constraining of streets. This implies that, if there is no street, then 

there is no human activity. Besides, the distribution of the natural cities should follow 

a long-tail distribution which is introduced in later chapter. In addition, the 

coefficients for the intercalibration of nightlight imagery data, the ht-index of the 

extracted cities and the prepared data archive are also achieved and are presented in 
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the following chapter of this thesis. 

1.2 Motivation of the study 

The study area of this thesis is the Untied States of America (USA) which is 

composed of 50 states and the District of Columbia. It is located in central North 

America. The USA is bordered by Canada on the north, reaches south to Mexico and 

the Gulf of Mexico, faces the Atlantic Ocean on the east and abuts the Pacific Ocean 

on the west. The study area of this thesis is the continental USA which means the 

states far from the continental USA like Hawaii and the Alaska States are not included 

in this study. As the richest country in the world, the USA’s development and changes 

are interesting and worth studying. 

 

The previous studies approved the value and usability of nightlight imagery data for 

urban studies or other related research of human settlements. The essence of an urban 

study is to find the urban areas or delineate the boundaries of cities. The most 

common method to find the urban areas is to determine the threshold value which is 

also useful for eliminating the blooming effect. The blooming effect is a possible error 

of the nightlight imagery data. The lighted areas captured by the DMSP/OLS are 

always larger than the actual extents of the corresponding geographic features. But in 

previous studies, the approach to determine the threshold value is not systematic. 

Most of them followed the theory proposed by Imhoff, et al. (1997). However, the 

approach used in this thesis is not a new theory but none of the previous studies based 

on the nightlight imagery data has used the theory of head/tail breaks classification to 

determine the threshold value. The head/tail breaks classification is also helpful for 

finding the ht-index of the data. The ht-index is good at finding the inherent structure 

of the data.  

 

In addition, most of the previous studies only focused on a few years or a very short 

time period. The obtained urban areas have not published or free even the processes of 

the data were explained in the papers. The dataset used in this thesis includes the data 

from all the years and all the satellites. The achieved urban areas which should be 

called natural cities are shared in the data archive. Finally, the parameters for the 

intercalibration of the nightlight imagery data of the continental USA during the 

whole time period are also represented in a table in later chapter. 

1.3 Aims of the thesis 

The overall goal of this thesis is to help researchers understand how urban areas 

change and transition in trends or conditions. The continental USA was used as a case 

study by using nightlight imagery data to reach the long-term aim, which is to 

delineate the boundaries of cities. Therefore, to realize this long-term aim, two 

short-term aims must be completed. The Figure 1.1 on page 5 briefly shows the 

general view of the short aims of this thesis which are the data preparation and scaling 
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analysis of the extracted cities. The figure shows that there are five detailed objectives 

for each short-term aims. 

 

 

Figure 1.1 The general view of the aims’ completion 

 

More specifically, for data preparation, to offset the yearly variations and the 

differences among the OLS sensors, the nightlight imagery data should be 

intercalibrated. Then, the threshold value for delineating the boundaries of the cities 

should be determined and the blooming effect should be depressed. In order to find 

the appropriate threshold value and extract the urban areas, the head/tail breaks 

classification should be employed. In the end, the data archive of the natural cities of 

the continental USA from 1992 to 2010 of both intercalibrated and uncalibrated 

nightlight imagery data should be stored as vector formats. Achieving a well-prepared 

data archive is the third detailed objective of this thesis. The data of the data archive is 

organized based on the year and the satellite of the nightlight imagery data. The 

natural cities from images before and after intercalibration are stored in different files. 

The more detailed information of the data archive is introduced in later chapters.  

 

For the scaling analysis, there are two detailed objectives. Firstly, based on the results 

from head/tail breaks classification, the ht-indices of the natural cities should be 

achieved. Secondly, the power law detection of the natural cities should be run 

successfully. The power law exponents and the p-values which are explained in later 

chapters from the power law test are important parameters to check if the extracted 

natural cities fit the power law distribution. 
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1.4 Organization of the thesis 

To view the structure of this thesis clear with one glance, Figure 1.2 shows a brief 

diagram of the structure. The whole thesis can be grouped into four important parts 

which are the introduction and description of the background and related works of the 

nightlight imagery data, the theories behind the methodologies, the explanation of the 

data processes, and the illustration and discussion of the results. First of all, this thesis 

is organized into seven chapters. This thesis begins with the introduction chapter 

which is an overall and brief description of the background. The study area, aim of the 

thesis, motivation of this thesis and the explanation of this thesis’ organization are 

also included in the first chapter. The next chapter is the introduction to the previous 

related works and detailed information of the nightlight imagery data. The following 

two chapters are the introduction to head/tail breaks classification and power law 

distribution which are very important to understand the process of the nightlight 

imagery data in this thesis. The fourth chapter explains and illustrates the steps of the 

data processing.  

 

 

Figure 1.2 The structure of this thesis 

 

After then, the fifth chapter illustrates of all the results from the data processing. The 

final chapter is a brief summary of all the processes and results of this thesis. The 

limitations of this thesis and the suggestions for the future work are also proposed. 

And the following chapter without serial number presents all the references of this 

thesis. Detailed step-by-step tutorials for data processing and a detailed introduction 

to the data archive are also represented in the Appendices. 

Introduction

Previous studies
Classification 

and power law

Conclusions

References Appendices

Data 

processing

Results and 

discussion
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2. Literature review 

This section is a brief summary and introduction to the plenty of the literatures of the 

background and uses of the nightlight data, and the relevant various works of the 

nightlight data which are closely related to the background and main methodologies 

of this thesis. This chapter is composed of two sections. In the first section, a brief 

introduction of the background and characteristics of DMSP/OLS imagery data is 

drawn. It is helpful for understanding the background of the nightlight imagery data in 

detailed. The second section is an introduction to the head/tail breaks classification 

and power law distribution. The power law distribution is one of the most typical 

long-tail distribution, and the head/tail breaks classification is useful for finding the 

inherent hierarchy of the data if the values of the data can be distributed in long-tail. 

2.1 Previous studies on and using nightlight data 

In this section, as the implication of the title, the most popular studies of the nightlight 

imagery data are introduced. In the first part of this section, a brief introduction to the 

nightlight data is drawn. It is helpful and useful for achieving a further and detailed 

understanding of nightlight imagery data. In the second part of this section, the most 

common uses of the nightlight imagery data in real world are introduced. It is a brief 

summary of the related works of nightlight data in several applications and different 

research fields. The practical applicability and availability of nightlight data in these 

related researches have been discussed and proved. 

2.1.1 Nightlight data in general 

It has been known that the DMSP/OLS can be used to detect light sources at night on 

the Earth’s surface since the 1970s. The DMSP has operated satellite sensors to 

capture emissions of the visible and the VNIR from the lit areas such as human 

settlements at night on the surface of the Earth (Elvidge, et al., 1997a). The 

DMSP/OLS imagery data was designed to monitor clouds illuminated by the 

moonlight and detect the light sources at night on the surface of the Earth. The OLS is 

an oscillating scan radiometer that was first carried on the DMSP 5D-1 satellite F1 in 

the year 1976 (Elvidge, et al., 1999).  

 

The DMSP/OLS imagery data has a unique ability to collect and observe the 

nighttime lights of the Earth’s surface which has a ground sample distance of 2.7 km. 

The OLS sensor has two spectral bands, the visible band and TI band. On the one 

hand, the visible bandpass which involves the visible and VNIR is covering 0.4 to 1.1 

μm. The visible bandpass has 6-bit quantization and the digital number (DN) value of 

the visible bandpass ranges from 0 to 63. On the other hand, the TI bandpass that 

covers 10.5 to 12.6 μm has 8-bit quantization and the DN value of it ranges from 0 to 

255 (Doll, 2008; Elvidge, et al., 1999). 
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The global imagery products of DMSP/OLS dataset have been established since the 

year 1992. There are three different kinds of DMSP/OLS imagery products which are 

stable lights, radiance calibrated data and average DN. Doll (2008) introduced the 

background, characteristics and attributes of these three nightlight data in various 

ways, and explained the differences between these three kinds of products very clearly. 

These three types of products have their own advantages and disadvantages with 

diverse uses. The Version 4 nightlight imagery dataset can be directly downloaded 

from http://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html which is a website 

operated by the National Oceanic and Atmospheric Administration (NOAA) of the 

National Geophysical Data Center. The resolution of the nightlight imagery data is 30 

arc-seconds which is approximately 1 km at the equator. This nightlight imagery 

dataset of annual composites for every satellite collected the brightness of the light 

sources on the Earth’s surface from the year 1992 to year 2010. 

 

First of all, the stable lights imagery data is useful, valid and important to identify and 

distinguish the diverse kinds of lights on the surface of the Earth, such as city lights, 

fires, gas flaring and shipping fleets. City lights including human settlements and 

industrial facilities can be identified due to their temporal stability. Forest fires can 

also be identified due to their instability of time and location. The second type of 

products is radiance calibrated imagery data. Although the stable lights image 

represents the permanent sources of lights, it has no brightness information (Elvidge, 

et al., 1997b). Therefore, the radiance calibrated image is necessary. Elvidge, et al. 

(1999) developed a method to monitor the human settlements in global range from the 

DMSP/OLS product by changing the gain of the sensor. The radiance calibrated data 

enable the users to relate the values of the OLS pixels back to the observed radiances 

which are known in terms of W/cm
2
/sr/μm. The average DN of radiance calibrated 

data from the image can be weighted by the total number of observations. The 

formula from this article used to convert DN into radiance is:  

 

Radiance = DN
3/2 

× 10
-10

 W/cm
2
/sr/μm              (1) 

 

The differences between stable lights product and radiance calibrated image in spatial 

information content can be grouped into two categories. Firstly, the radiance 

calibrated image presents the spatial details of the brightness variations while the 

stable lights image does not. Secondly, the radiance calibrated image presents the 

diffuse lights at low levels in non-metropolitan areas. The last type of product is the 

average DN. The latest nightlight data is represented by the form of average DN 

values, and this data was processed to use the high quality data of the visible band. 

 

Theoretically, the analysis in a time series based on a nightlight dataset that captures 

the lit pixels from different sensors can cause possible errors. Elvidge, et al. (2009) 

introduced and developed an approach to calibrate the DMSP/OLS data at a global 

scale based on the empirical process due to the DN values acquired by nightlight data 

without any on-board calibration for every year. It causes the discrepancies of DN 

http://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html
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values of lit pixels of the nightlight data between two different satellites for the same 

year on the one hand, on the other hand, it also causes the abnormal fluctuations of 

DN values of the lit pixels of the nightlight data from the same satellite for two 

different years (Liu, et al., 2012).  

 

Liu, et al. (2012) also summarized four negative consequences and main problems of 

uncalibrated nightlight imagery data: 

 

 The average values of the DN values derived from the same year but different 

satellites are not the same. For example, the mean DN value of the imagery data 

of the continental USA from the year 2007 is 5.573 of satellite F16, but the mean 

value of the same year from satellite F15 is 4.604.  

 

 The fluctuations of mean values of the DN values derived from the same satellite 

but different years behave irregularly. For example, the average value of DN 

values of the lit pixels of the imagery data used in this thesis from satellite F15 of 

the year 2004 is 11.054, but the average value of DN values of the lit pixels from 

the same satellite of year 2005 is 10.804.  

 

 The total numbers of lit pixels from the same year but different satellites are not 

the same. For example, the total number of the DN values of the lit pixels of the 

imagery data used in this thesis from satellite F15 of the year 2007 is 4,856,240, 

but the total number of the DN values of the lit pixels from the same year of 

satellite F16 is 4,901,056.  

 

 The number of lit pixels derived from different years but the same satellite 

decrease irregularly. For example, the total number of the DN values of the lit 

pixels of the imagery data used in this thesis from satellite F16 is 4,877,871 of the 

year 2005, but the total number of DN values of lit pixels from that satellite of the 

year 2006 is 4,324,852. The objective of intercalibration is to depress the 

discrepancies and reduce the influences of illogical variations in the DN values of 

the lit pixels for each year of the time series. Consequently, the comparability of 

the nightlight data in a time series will be significantly improved after successful 

intercalibration. 

 

The current available method to realize intercalibration is to build the second 

regression models between the referenced data and other data to be calibrated. Figure 

2.1 on page 10 shows a brief explanation of the process of calibrating nightlight 

imagery data. Generally speaking, the candidate data of the reference data should be 

found out in the whole dataset. After that, the second order regression model should 

be run to calibrate the coefficients of the intercalibration. Then the calculated 

coefficients should be plugged into the second regression model that the structure of 

this regression model is the same with substitutions for different variables.  
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Figure 2.1 A brief flowchart of the intercalibration of nightlight data 

 

In detailed, in the paper of Elvidge, et al. (2009), the authors extracted and examined 

the samples of lit pixels of human settlements from the candidate calibration areas, 

and they found that the image from year 1999 with satellite F12 had the highest 

cumulative DN value. Hence, the image F121999 was used as the reference data. In 

order to find the reference area which should take full range of 0 to 63 and change 

very little over time, the author plotted all the values of pixels of the candidate areas 

in scattergrams against the values of the same pixels of F121999. Sicily was found as 

the reference area from all the candidate areas. The model of second order regression 

of intercalibration of annual nightlight data is expressed as Equation (2): 

 

DNnew = P0 + P1 * DNoriginal + P2 * DNoriginal
2
        (2) 

 

where DNnew is the intercalibrated value of the pixel, DNoriginal is the original value of 

the pixel, and P0, P1 and P2 are the parameters for the individual DMSP/OLS image. 

Using Equation (2), all the pixels with old values will be transformed into pixels with 

new values. Elvidge, et al. (2009) presented all the parameters from year 1992 to year 

2009 with different satellites at a global scale. 

2.1.2 Studies of nightlight data 

RS technologies and data facilitate the detection of land use and land cover changes. 

The importance and availability of using nightlight data to analyze global popular 

issues like energy consumption, urbanization and population density have been 

emphasized in many studies since the early 1980s (Chand, et al., 2009). One of the 

most frequent uses of DMSP/OLS data is to evaluate the consumption of electric 

power. The consumption of electric power across a time series is very important and 

useful for estimating and reflecting the economic status and development of the 

country (Chand, et al., 2009). The electrical power industry is one of the most 

important basic and mainstay industries of any country. 

 

The rapid development of the electrical power industry strongly supports the social 

economy development. Researching the developmental tendencies of electrical power 

and predicting the power-generating capacity is helpful for adjusting the electric 

power supply and controlling the requirements of electric power. The spatial and 

temporal changes of electric power consumption are valid indicators to detect the 

increase of population and energy consumption. Monitoring the spatial and temporal 

variations of the consumption of electric power is an effective way to make decision 

and plan for the economic development of the country (Zhao, Ghosh and Samson, 

2012). The results from Chand, et al. (2009) showed that there was a good correlation 

Data
Candidate 

data

Second regression 

model
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between the increase of the number of nightlights and the increase of population. The 

major and mentionable reasons for the increase of nightlights were the development 

of society, the increase of population, the changes of lifestyles of residents and the 

changes of information technologies. 

 

The other popular use of nightlight data is to analyze the urban extent and the 

dynamics of urbanization at regional scale and global scale. Even though the 

nightlight data was not initially designed for monitoring human activities, the utility 

of DMSP/OLS data to detect, observe and analyze the change of human settlements 

and the variation of human activities at both regional and global scales have been 

discussed widely, and its effectiveness in such fields has been verified in many 

previous studies based on the high statistical correlations between the influential 

variables of urbanization and the brightness of the nightlight data. The urban areas can 

be defined as the concentration of population, architectures, energy, industries and 

human activities like commercial activities on one hand, on the other hand, the urban 

areas are also the center of population and the hub of economics (Zhang and Seto, 

2011). All of these factors can affect urbanization and all of them can be the dynamics 

affecting urban sprawl.  

 

The urbanization process is closely related to human activities including the growth of 

population, the spatial extension of human settlements, and the increase of economic 

density and fuel consumption. The nightlight data provide an annual consistent 

measure for monitoring and analyzing the urbanization in a time series (Sutton, 2003). 

Ma, et al. (2012) used the linear model, power law test and exponential function to 

quantify the long-term trends and relationships between the nightlight data and the 

four factors of urbanization which are urban population, growth domestic product, 

built-up areas and consumption of electric power. The results showed that it is feasible 

to combine the quantitative models with nightlight data to analyze urbanization 

dynamics. 

 

The distribution of human settlements in urban areas can be seen as one of the main 

indicators of urbanization. Using nightlight data to estimate the population of urban 

areas at both global scale and regional scale is another popular use of nightlight data. 

Since the nightlight data were established in 1992, many previous studies 

demonstrated the existence of the quantitative relationships between the nightlight 

data and population. Elvidge, et al. (1997b) mapped the distribution of global human 

settlements by using nightlight data. Sutton, et al. (2001) estimated the global 

population based on the nightlight data. Lu, et al. (2008) mapped the human 

settlements in China by using DMSP/OLS imagery data and other RS data like 

Landsat images with the thresholding technique. One way to detect the human 

population is to build a logarithmic model based on the lit pixels of the nightlight data 

(Roy Chowdhury, et al., 2012). The other way to detect human settlements is to build 

several models to calculate the normalized OLS values of nightlight data and the 

human settlement index developed by Lu, et al. (2008). 
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2.2 Head/tail breaks classification and power law 

In this section, the related important literatures of the head/tail breaks classification 

and the power law distribution are reviewed. In the first part of this section, the 

long-tail distribution and power law distribution are explained. To have a better 

known of the long-tail distribution, the other popular distribution named normal 

distribution is also explained. In the second part of this section, the introduction to the 

head/tail breaks classification drawn. The ht-index which is derived from the head/tail 

breaks classification is also introduced in detailed. 

2.2.1 Long-tail distribution and power law distribution 

Many irregular and complicated geographic features exist in the natural world, such 

as rolling hills and coastlines without regular shapes which cannot be represented by 

the normal distribution. However, there are many natural or man-made phenomena 

that follow the power law distributions with different characteristic. Hence, the 

consequences of the studies of the power law distributions are significant. Benefitting 

from its own mathematical properties and its appearance in nature and society, the 

power law distribution has attracted attention over the years and stood out from other 

distributions in many different disciplines. Based on the aforementioned theory of 

long-tail distribution which states that the data values in the tail should be more 

interesting than the data values in the head of the distribution, apparently, the power 

law distribution is a typical type of long-tail distribution. As a major concern in many 

diverse scientific studies, the power law distribution provides an interesting way of 

thinking about and describing the phenomenon around us.  

 

The power law can be used to describe the natural or the man-made phenomena that 

are not appropriate to be shown in the normal distribution. The power law distribution 

can present the phenomena in which there are far more small things than larger things.  

For instance, there are far more small cities than larger ones (Zipf, 1949, as cited as 

Jiang, 2013b). The paper from Clauset, et al. (2009) provided some examples to 

describe the power law distribution. For instance, the average height of the adult 

American males is about 180cm. No one or rare adult American males deviate very 

far from this average height. It is not common to see an adult American male who is 

shorter than 160 cm or taller than 3 m. This phenomenon can be described by a 

bell-shaped distribution. In this distribution, the heights of the adult male American 

are represented as the horizontal axis while the number of the adult American male of 

each height are showed as the vertical axis. It is not difficult to find that the two tails 

of the bell-shaped distribution decay very fast (see Figure 2.2a on page 13). Therefore, 

the average value can describe the whole dataset if the data can be represented as the 

bell-shaped distribution.  

 

However, it is impossible to represent all the phenomena around us as a bell-shaped 

distribution, such as the gross domestic product, (GDP) especially the GDPs of the 
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different countries and the populations of different countries in the world. In this kind 

of dataset, the differences between the different data can be very significant and the 

fluctuation between different data can be very unstable. For instance, as the richest 

country of the world, the GDP of the USA in 2011 was 14,991,300,000,000 dollars 

but the GDP of the poorest country was 35,804,372 dollars in 2011. This phenomenon 

can be described by a heavy-tailed distribution. Obviously, the average value cannot 

be used as the typical value of this dataset. Figure 2.2 (b) shows a simple example of 

long-tail distribution. From Figure 2.2 (b), it can be seen that the distribution is 

right-skewed, and the tail of the distribution is very long and decays very fast. For 

more information about the normal distribution and power law distribution, Jiang 

(2014) provided the detailed description and explanation of these two kinds of 

distributions with examples and figures. 

 

     

(a)                                 (b)  

Figure 2.2 Histograms of two common distributions (Note: (a) bell-shaped distribution, (b) 

long-tail distribution.) 

 

As mentioned above, not all the distributions fit the bell shape. The heavy-tailed 

distribution is more widespread than the normal distribution in nature, human society 

and our daily lives. The heavy-tailed distribution can be characterized by the power 

law, lognormal and exponential function. The heavy-tailed distribution always shows 

that the contribution of the majority or infrequent data in the tail part is larger than the 

minority or frequent data in the head part. For example, for human aerobic needs, 

there are far more invalid compositions in the air than the valid compositions. 

Approximately 80 percent of air’s composition is nitrogen while only 20 percent of 

air’s composition is oxygen. Regarding land use and land cover, there are far more 

small cities than large cities (Zipf, 1949, as cited in Jiang, 2013b). Respecting the 

economy, there are far more ordinary customers than important clients while the profit 

from the former one is considerable. For natural phenomena, there are far more small 

disasters than catastrophes. For human-made architecture, there are far more short 

buildings than high buildings. Unlike the normal distribution with two thin tails on the 

right and left sides that rapidly reach to the horizontal axis (x-axis), the tail of the 

heavy-tailed distribution skews to the right part and infinite approach to the horizontal 

axis (x-axis). 

 

 

Size 

Frequency 

 

Size 

Frequency 
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In summary, the distribution of a lot of the natural and man-made phenomena in the 

real world always follows the phenomena that the number of small pieces is always 

larger than the number of large pieces. In fact, in most cases, it is a common and 

interesting phenomenon that the number of small things is larger than the number of 

large things. As the typical examples, there are far more small cities than large cities, 

there are far more short streets than long streets, and there are far more low buildings 

than high buildings (Jiang and Yin, 2013, as citied in Zipf, 1949, Carvalho and Penn, 

2004, Jiang, 2009, Batty, et al., 2008). Obviously, the geographic features are included 

in the city patterns and the geographic features also follow the aforementioned 

phenomena. The power law distribution can represent the characteristics and 

underlying essences of these kinds of phenomena in the real world. 

2.2.2 Theories and studies of head/tail breaks classification and ht-index 

The current approaches to classify the statistical maps are equal interval, quantiles, 

natural breaks and standard deviation (Coulson, 1987; Evans, 1997, as cited in Jiang, 

2013b). The existing methods of classification most emphasize on events with high 

frequency than events with low frequency. In these approaches, the natural breaks 

method was used frequently in many fields. This method classifies the data into 

different classes based on the natural attributes and characteristics of the data itself. 

During the process of classification, the human influence is depressed. The natural 

breaks classification is realized by drawing the frequency of the data values and 

finding the breaks of data classes (Jiang, 2013b). However, Jiang (2013b) introduced 

and developed a new reverse classification approach which was named head/tail 

breaks classification to classify the heavy-tailed distributed data values and emphasize 

events with low frequency. 

 

The main purpose of head/tail breaks classification is to determine the categories or 

hierarchy of the data with a heavy-tailed distribution which can be called scaling, 

hierarchy or scaling hierarchy. The heavy-tailed distribution is heavily inclining to the 

right. Hence, the head part of a heavy-tailed distribution is the minority large values 

while the tail part of a heavy-tailed distribution is the majority small values. 

Obviously, the major concern of the head/tail breaks classification is the events with 

low frequency. These events are more important than the events with high frequency 

owing to the fact that low-frequency events have higher impacts than the 

high-frequency events. For example, the frequency of the small earthquake is far more 

than the great earthquake, but the impact from the small earthquake is far small than 

the great earthquake. Therefore, the events with low frequency are more important 

than the events with high frequency and the research values of the low-frequency 

events are larger than the high-frequency events. Figure 2.3 on page 15 represents the 

rank-size distribution, it can be seen that the data should be redistributed from the 

lowest frequency to the highest frequency into a rank-size distribution where the rank 

of cities is shown on the horizontal axis and the size of cities is shown on the vertical 

axis. The data value with the lowest frequency should be ranked number 1 and the 
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data value with the second lowest frequency should be ranked number 2 (Jiang, 

2013b). In the rank-size distribution, the data values are ranked in decreasing order 

from left to right. The horizontal axis represents the ranks of the data values while the 

vertical axis represents the size or the frequency of the data values. Apparently, the 

shape of the rank-size distribution is a heavy-tailed distribution. 

 

 

Figure 2.3 The division rule of head/tail breaks classification of heavy tailed distribution (Jiang, 

2013b) 

 

The paper from Jiang (2013b) represents two case studies to apply to the head/tail 

breaks classification in different datasets and to compare the nature breaks 

classification and head/tail breaks classification. The first case study is to classify the 

statistical map of the cities of the continental USA by both nature breaks classification 

and head/tail breaks classification. The second case study is to map Sweden’s streets 

also by both nature breaks classification and head/tail breaks classification. The 

results of these two case studies demonstrate that the ability of the head/tail breaks 

classification to capture the inherent hierarchy of the data is better than the nature 

breaks classification. 

 

The paper from Jiang, Liu and Jia (2013) illustrated three case studies to apply the 

head/tail breaks classification for map generalization. The first data used in this paper 

were the street network of Sweden from OpenStreetMap data and the aim was to 

realize the generalization. The second data used in this paper was the coastline of 

Britain, and the aim was to realize the simplification. The third data used in this paper 

was the network of the drainage of Shanxi Province of China and the aim was also to 

realize the simplification. The results show that the head/tail breaks classification is 

appropriate to find out the underlying hierarchy and the levels of the details that are 

the inherent existences of the data. The generalization of the data is more effectively 

based on the captured hierarchy. 

 

The paper of Jiang and Yin (2013) provided a complementary definition derived from 

the head/tail breaks classification which was named ht-index. It can be defined as one 

plus the recurring times of far more small things than large things and it is useful for 

quantifying the complexity of geographic features. The ht-index is able to capture the 

number of scales, and it is a reliable indicator of the complexity of geographic 

features and fractals. That is, if the small things in the pattern of the geographic 
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feature are far more than the large things recurring many times at different scales, this 

geographic feature has an ht-index (Jiang and Yin, 2013). To achieve the ht-index, the 

rank-size distribution of the segments of the pattern with a heavy-tailed distribution 

should be plotted and the head/tail breaks classification should be performed. To sum 

up, the number of the valid classes of the geographic feature is the ht-index for the 

geographic feature. 

 

In the paper of Jiang and Yin (2013), three case studies were used to compute the 

ht-index from three different kinds of data which are remote sensing imagery data of 

the continental USA, a digital elevation model of the continental USA and the city 

street networks of Nyköping, Sanviken, Göteborg and Stockholm. All the case studies 

demonstrated that the ht-index can characterize the complexity of various geographic 

features including both the natural and human-made phenomena. Besides, these case 

studies also proved that there are far more small things existing in the real world than 

large things on the one hand, on the other hand, the fractal does exist for most 

geographic features. The ht-index finds the levels of hierarchy of both recurring 

natural phenomena and the recurring human-made phenomena. At last, it is found that 

the higher the ht-index, the more complexity and diverse of the geographic features or 

the fractal. 

 

In a summary, the ht-index has ability to find the inherent hierarchy of most 

geographic features. Although the concept of the ht-index is different from the fractal 

dimension, it can achieve the things whereas the fractal dimension is not able to 

capture. In the other words, the ability of ht-index the supplements the fractal 

dimension to describe the complexity of geographic features. More specifically, the 

underlying concept of the fractal is a wide range scales that implies heterogeneity, and 

both the fractal dimension and the ht-index can capture that heterogeneity. But the 

fractal dimension represents the degree of the heterogeneity while the ht-index 

represents the levels of hierarchy of the scales of heterogeneity. Therefore, the 

ht-index is not only developed as a new measure for representing the spatial 

heterogeneity of geographic features but also providing a new indictor for describing 

the complexity of fractal patterns of many fields (Jiang and Yin, 2013). All in all, the 

ht-index can be used to quantify the fractal or the scaling structure of the various 

geographic features according to the concept that there are far more small things than 

large things. 

 



17 
 

3. Theoretical foundations 

This chapter is an introduction to the materials and major methods used in this thesis. 

In this chapter, there are two sections. In the first section, a brief introduction to GIS 

and GIS data is drawn. In the second section, the concept of natural cities is showed. 

In the third section, the scaling analysis is explained based on the head/tail breaks 

classification and power law. In the first part of third section, the head/tail breaks 

classification and the ht-index which have been introduced in previous chapter are 

discussed. The main purpose of the head/tail breaks classification and the ht-index is 

to find the underlying complexity of extracted cities from nightlight imagery data. At 

the same time, the head/tail breaks classification is useful for determining the 

threshold value of nightlight imagery data. In the second part of third section, the 

power law which also has been introduced in previous chapter is discussed in detailed. 

3.1 GIS in general 

As the only planet for human existence, the Earth is human’s most important necessity 

for survival. Therefore, it is closely related to the development of human society. It is 

necessary to understand the relationship between the human and the natural 

environment because the coordinated development between the human and the natural 

environment is very important to the long-term and sustainable development of 

human society. With the development of the economy and improvement of 

technologies, the influences from human activities have become one of the most 

challenging issues in research of the Earth. Related issues like the reasonable 

exploitation and utilization of natural resources and the protection of the ecological 

environment have become popular topics of the researches. 

 

GIS are a computer based systems which can input, store, analyze and output the 

geospatial objects and information which include the measurement of geographic 

areas, transformation of the geographic data, spatial analysis and display of 

geographic data (Goodchild, 1991; Goodchild, 2010b). For the GIS, the study of 

geographic information, knowledge of spatial analysis, data resources and 

measurements of locations and attributes of the geographic features are the main 

factors of GIS (Mark, 2003). To be more specific, GIS are able to acquire, manage 

and process the geographic information of the geographic space including the 

Earth’s surface and near-surface. The history of GIS can be traced to the early 

1960s. GIS had developed into a collection of software in the 1980s (Goodchild, 

2010a).  

 

Over the past decades, GIS technology has become one of the most important 

technologies for dealing with geographic information about geographic space. The 

objective of geographic research is to monitor and detect the changes of the Earth’s 
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surface or near-surface based on the technologies and knowledge which are related to 

spatial information and analysis. GIS combine the technologies of computers and 

knowledge of spatial analysis which means GIS can provide theories and technologies 

to solve geographic problems. With the development of the RS and global 

positioning system which both take GIS as the core, GIS provide new spatial 

analysis approaches and technical supports for solving problems or studying 

issues of larger areas or more complicated geographic phenomena. One of the 

basic functions of GIS is to realize the spatial analysis of geospatial data. To be 

more specific, as the soul and core of GIS, the capacity for spatial analysis is one 

of the most important differences between the GIS and other systems. The spatial 

analysis is briefly defined as a set of techniques to generate results based on the 

locations and patterns of the geographic objects, and it is also useful for 

extracting geospatial information (Goodchild, 2010b). 

 

As mentioned above, GIS is computer based system to manage and analyze 

geographic data. There are two characteristics of GIS data which are the spatial 

characteristic and the attribute characteristic. The location, shaper and spatial 

relationship of geographic data are included in the spatial characteristic while the 

descriptive information about geographic data is the attribute characteristic.  The 

source of geospatial data are digitized maps, aerial photographs, satellite images 

and so on. Recently, the integration of GIS technology and RS data has become 

increasingly popular. The RS data contains large areas in a time period which 

means the range of the observations of the RS data is larger than most other kinds 

of geospatial data and it also able to be used in studies related to time, such as the 

land use and land cover changes in a period.  

 

Although the analysis function of most GIS software is powerful, the capability 

of scaling analysis of geographic data of GIS is not as good as other functions. 

Jiang (2010) claimed that the scaling of geographic space can be defined as the 

fact that there are far more small features existing in geographic space than large 

features. For example, there are far more small buildings than high buildings. 

The pattern of geographic data is important to understand the structure, 

distribution and underlying attribute of data. The scaling analysis is useful in 

helping the user get a better understanding of the pattern of the geographic data, 

and it is also helpful for finding the hierarchical organization of geographic data. 

But the current GIS have no complete or systematic function to realize the 

scaling analysis. In this thesis, the scaling analysis like power law test was 

realized by other software like Matlab.  
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3.2 Natural cities 

Urbanization is the inevitable outcome of the development of human society. As a 

widespread phenomenon of human society, urbanization has drawn great public 

attention. It is closely related to the changes of land use and land cover. As 

aforementioned, the integration of GIS technology and RS data plays an increasingly 

important role in the detection or monitoring of the land use and land cover changes 

of Earth’s surface. Urbanization is a complicated social phenomenon, while one of the 

most significant characteristics of the urbanization is the urban expansion which is the 

changes of urban areas. Therefore, the acquisition of urban areas is the major content 

of urban studies or other related research at both regional scale and global scale. 

 

Extraction of urban areas is important to urban studies. There are many current 

approaches to realize the delineation of urban areas and they all have their own 

advantages and disadvantages. The most common data used to delineate the cities’ 

boundaries is RS data, and the general ways to extract urban areas are supervised 

classification and unsupervised classification. Jia and Jiang (2010) proposed a new 

concept of the cities’ boundaries which is called the natural cities. The boundaries of 

the natural cities should be delineated naturally which means the extraction of urban 

areas is based on the underlying structure of data without any subjective human 

wishes. 

 

It should be noticed that the boundaries of the natural cities are not as same as the 

administrative boundaries of corresponding cities. In this thesis, the natural cities 

should be related to the highly concentration of the human settlements and human 

activities. In this case, the derived natural city may be an urban area consists of a set 

of several cities. Gottmann (1957) studied an urban area along the northeastern coast 

of USA which was extending from the Boston City to the Washington D. C. and 

through the New York City, and he proposed a concept aspect to definition of the 

‘Megalopolis’. The term of Megalopolis is derived from Greek. In terms of the 

previous studies, the term of Megalopolis can be defined as a very large city or an 

urban area which consists of a set of several cities. 

3.3 Scaling analysis in general 

The scaling of geographic space can be seemed as the fact that there are far more 

small geographic features than large geographic features. For instance, there are far 

more short streets than long streets in the city (Jiang, Liu and Jia, 2013). The scaling 

property can be characterized by the head/tail breaks classification and power law. In 

this section, the first part is a brief introduction to the power law. The second part 

describes the way to realize the head/tail breaks classification and the acquisition of 

the ht-index. 



20 
 

3.3.1 Power law 

As a more interesting pattern of the distribution and typical type of the long-tail 

distribution, the power law distribution has attracted attentions in diverse schemes 

regarding both natural and artificial phenomena that are not well described by the 

mean values, such as the intensities of earthquakes and the distribution of personal 

income. But the detection and characterization of the power law distribution is 

complex owing to the large fluctuations in the tail of the distribution (Clauset, et al. 

2009). Recently, with the help of effective mathematical tools and powerful 

computational capability from the computer, the human understanding of the essence 

of the power law distribution is more detailed and deeper as time progresses. 

Mathematically, a dataset follows a power law distribution in which the sample from 

the dataset can be drawn from a probability distribution 

 

                          p(A) ~ A
-α

                         (4) 

 

where the A is the data sample and α is the exponent or scaling parameter of the 

distribution. Even there are some exceptions, the typical range of α is 2 < α < 3 

(Clauset, et al. 2009). The authors claimed that the power law is frequently used only 

for the values of the A that are larger than the corresponding minimum Amin and the 

tail of the distribution obeys the power law distribution. 

 

Zipf (1949) has contributed a lot to the development of the power law distribution. 

The author found that if we rank the frequencies of the words in a corpus from the 

largest to the smallest, we can get an inverse proportion of the frequency and rank of 

each word. The inverse proportion can be represented as  

 

                          f ~ r
-β

                             (5) 

 

where f is the frequency, r is the rank and β is the power law exponent of the 

distribution. This constant parameter is known as the exponent or scaling parameter of 

the distribution. If the values of the data can be drawn from Equation (5), we can say 

that the distribution of the data obeys Zipf’s law.  

 

Another significant contribution was built by the Italian economist Vilfredo Pareto 

(1848-1923). Pareto found the well-known 80/20 rule in the distribution of wealth in 

the countries. Pareto discovered that this distribution was very uneven which 

represented that there was only 20% of the people hold 80% of the wealth while 80% 

of the people hold only 20% of the wealth (Jiang and Jia, 2011). But in practice, the 

80/20 rule does not require a precise 20% and 80% distribution. The point of this 

power law is the imbalance. The Pareto’s law follows the inverse proportion which 

can be expressed by 

 

                          p(W) ~ w
-γ

                         (6) 
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where W is the value of the wealth that should be equal to or larger than the w, w is 

the particular value, and γ is the power law exponent of the distribution. In short, this 

inverse proportion represents the relationship between the probability of the wealth 

that is not smaller than a specific value and the power of this specific value.  

3.3.2 Head/tail breaks classification and ht-index 

In fact, the coverage of the detected lit areas of nightlight imagery data captured by 

the OLS sensors is larger than the geographic spatial extents of the actual 

corresponding areas. This error of nightlight imagery data is called ‘blooming’ or 

‘over-glow’. The blooming effect leads to wrong indication of the lit pixels which 

should not be involved in lighted areas or light sources. Small, Pozzi and Elvidge 

(2005) summarized four phenomena that can cause the blooming effect. The first is 

the low resolution of the OLS sensor. The second is that the captured lighted areas 

contain the non-lit areas due to the diffused or scattered lights. The third is the larger 

overlap of the neighboring pixels of the OLS in the footprints. The fourth is the 

accumulation of the errors of the geographic position in the compositing process 

(Elvidge, et al., 2004, as cited in Small, Pozzi and Elvidge, 2005). In order to depress 

or eliminate the blooming effect, Imhoff, et al. (1997) proposed using the threshold of 

an 89% detection frequency to offset the blooming effect and to capture the urban 

areas of nightlight imagery data.  

 

The determination of the appropriate threshold value is a crucial and fundamental 

issue for nightlight imagery data processing in finding the boundaries of the cities. For 

the urban analysis, the suitability of the threshold value for the city boundary will 

greatly affect the results in many cases. In this thesis, the method to determine the 

suitable threshold value is the head/tail breaks classification. The head/tail breaks 

classification is a new method to group the data values which have a heavy-tailed 

distribution. The heavy-tailed distribution contains a head part which is composed of 

a minority of vital or important data and a tail part which is composed of a majority of 

trivial data. Unlike the other common distribution, normal distribution which has a 

certain average value in the real world, the heavy-tailed distribution has no 

meaningful mean value (Jiang, 2013a). 

 

The head/tail breaks classification is performed to divide the data into two groups by 

the mean value. The data values equal to or greater than the mean value are classed 

into the head part while the data values smaller than the mean value are grouped into 

the tail part. This procedure has to be repeated until the distribution of the data values 

in the head part is no longer the long-tail distribution. The Nested rank-size plots or so 

called recursive rank-size plots developed by Jiang and Miao (2014) are helpful for 

understanding the process of the head/tail breaks classification. To be more specific, 

in term of the Figure 3.1 on 22, it can be seen that all the data values are cut into two 

parts by a mean value firstly. The head part is used in the next step. Then, the data 

values in the head part are cut into two parts by the second mean value. The head/tail 
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breaks classification process should be continued recursively until the rank-size 

distribution of the data values no longer looks like a heavy-tailed distribution. That is 

to say, the process should stop when the proportion of the head part is close to 50% 

but not larger than the tail part. In this way, the data values can be classified naturally 

without any factitious factors.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1 Illustration of division rule of the head/tail breaks classification (original source: Jiang 

and Miao, 2014.) 

 

To avoid confusing the meanings of the head and the tail in different distributions, it is 

worth noticing that the events with low frequency are distributed in the head part of 

the rank-size distribution but in the tail part of the probability distribution. However, 

the events with high frequency are distributed in the tail part of the rank-size 

distribution but in the tail part of the probability distribution. The head and tail parts 

in the head/tail breaks classification tend to be the head and tail parts in the rank-size 

distribution (Jiang, 2013a). 

 

In summary, the classification of statistical data is a popular and fundamental issue. A 

good classification method should reveal the underlying patterns of the data. 

Otherwise, this classification approach is not good enough or suitable for this data. 

Besides, with the help of the appropriate classification, the underlying connotation of 

the data will be easier to capture and understand. The case studies in Jiang (2013b) 

demonstrated the advantages of the head/tail breaks classification to find the 

underlying hierarchy of the data. There are two advantages of the head/tail breaks 

classification in classifying the heavy-tailed distributed data. Firstly, this classification 

concentrates on the essence of the data distribution. Secondly, it is not difficult to 

understand the theory and technique of this classification, which means the head/tail 

breaks classification is easy and flexible to use.  

 

Generally speaking, the rule of head/tail division can be briefly summarized as that if 

the given data values are heavy-tailed distributed, the mean value of the data values 

can divide all the values into head part which includes the data values equal to or 

greater than the mean value, otherwise the data values should be included into the tail 
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part, and one should repeat this step until the data values in the head part are no longer 

heavy-tailed distributed. To sum up, the ability of the head/tail breaks classification to 

capture the inherent hierarchy of the data is better than the nature breaks classification. 

The head/tail breaks classification is appropriate to find out the underlying hierarchy 

and the levels of the details which are the inherent existences of the data. The 

generalization of the data is more effectively based on the captured hierarchy. 

 

As aforementioned, the head/tail breaks classification was used to determine the 

threshold value of the nightlight imagery data. The distribution of the pixel values of 

the nightlight imagery data is obviously heavy-tailed. The head/tail breaks 

classification was also used to extract the natural cities from the nightlight imagery 

data. The ht-index which is derived from the head/tail breaks classification was also 

used to find the inherent hierarchy of the extracted natural cities in this thesis. The 

ht-index is able to capture the underlying category of the data and it is a useful 

indicator of the complexity of the data. 
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4. Extraction of natural cities 

In this chapter, firstly, a brief description of the data used in this thesis is drawn. And 

the following sections are the detailed introductions to the four major data processes 

of nightlight imagery data. The first process is the acquisition of study area for the 

later steps. The second process is to find the coefficients for the intercalibration of 

nightlight images. The third process is to determine a suitable threshold value for 

nightlight images to delineate urban areas and offset the blooming effect. The final 

process is the power law test to check if the extracted urban areas obey the power law 

distribution. 

4.1 Descriptions of data and process 

As aforementioned, three different kinds of global nighttime lights products can be 

achieved from the DMSP/OLS dataset which are the product of stable light, the 

products of radiance calibration and the product of the average DN. The detailed 

introduction of their backgrounds and characteristics are represented in the former 

chapters. They have their own advantages and disadvantages in many diverse fields of 

research at both global scale and regional scale. According to their inherent conditions, 

the product of the stable lights should be used in this thesis to reach the objectives. 

 

 

Figure 4.1 The flowchart of data processing 
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To realize the urban studies, the data of the process should be consistent and uniform. 

The light resources from the stable lights product are stable and consistent in the time 

period. In this kind of product, the ephemeral lights or any other noises have been 

eliminated. The whole free global dataset from 1992 to 2010 can be directly 

downloaded from http://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html. That 

is to say, the data used in this thesis is contributed by NOAA. The spatial resolution of 

the stable lights dataset is 30 arc-seconds (approximately 1 km at the equator). The 

range of the DN values of the stable lights dataset is 0-63. The background noise or 

the areas without lit pixels are represented as value 0 while the brightest areas are 

represented as value 63. In addition, each image of the dataset is named as the 

achieved year of the image with the corresponding satellite. For example, the 

F182010 means this data is related to the year 2010 and its satellite is F18. The annual 

nightlight imagery data with relevant satellites is shown in Table 4.1. There are 6 

different satellites involved in this dataset which spans 19 years at a global range. 

 

Table 4.1 The stable lights products from 1992 to 2010. 

Year Satellite 

1992 F10 
     

1993 F10 
     

1994 F10 F12 
    

1995 
 

F12 
    

1996 
 

F12 
    

1997 
 

F12 F14 
   

1998 
 

F12 F14 
   

1999 
 

F12 F14 
   

2000 
  

F14 F15 
  

2001 
  

F14 F15 
  

2002 
  

F14 F15 
  

2003 
  

F14 F15 
  

2004 
   

F15 F16 
 

2005 
   

F15 F16 
 

2006 
   

F15 F16 
 

2007 
   

F15 F16 
 

2008 
    

F16 
 

2009 
    

F16 
 

2010 
     

F18 

 

Figure 4.1 on page 25 shows a flowchart of the data processing in this thesis. From 

the figure, the detailed step-by-step process of the nightlight imagery data used in this 

thesis can be clearly seen at a glance. The address to download the nightlight imagery 

data is introduced above. The next process is to extract the study area of this thesis. 

The third step of the data processing is the intercalibration of all the nightlight 

imagery data and the background of the intercalibration has been discussed in the 

http://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html
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previous chapter. The next step is to find the most appropriate threshold value for the 

nightlight imagery data to offset the blooming effect and to delineate the boundaries 

of the cities. The final step is to run the power law test for the extracted cities. 

4.2 Extraction of the study area 

The coverage of the original nighttime lights data is the whole world. But in actual 

applications, most of the areas in the data are redundant except the area studied in 

users’ research. The extraction of the interested area for study is an ideal way to save 

the time of running the software and enhance the efficiency of the whole process. It is 

also helpful for decreasing the storage space because the original nighttime lights data 

takes up too much space in a computer. This method can be realized in ArcGIS 10. 

 

The most common method to extract the study area is cutting or clipping the image by 

setting up the polygon or the required coordinates of the corners. Many unnecessary 

areas will be reserved in the result from this kind of method if the boundary of the 

required study area is not regular. In this study, only the continental USA should be 

reserved for study. Therefore, the extraction function is employed in this research to 

achieve the study area in ArcGIS 10 by using a map of the continental USA with the 

boundary stored in shapefile. 

 

 

Figure 4.2 The extracted study area of 2010 

 

In this thesis, the unnecessary areas of the USA were eliminated after completing the 

extraction. For the later process, all the states of USA were also extracted and stored 

with their own names. The total amount of lit pixels of the continental USA and all 

the states from each year were converted into Excel files for the later process as well. 

The extracted study area of the continental USA from the year 2010 with satellite F18 

is shown in the Figure 4.2. The detailed steps of extraction of the study area are 

shown in Appendix A. 
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4.3 Intercalibration of nightlight imagery data 

Before any further processing of nightlight imagery data, intercalibration of these data 

should be performed because the OLS has no on-board calibration for the visible band 

of nightlight imagery data (Elvidge, 2009). Liu, et al. (2012) summarized four 

negative consequences and main problems of nightlight imagery data without 

calibration. At first, the average of the DN values derived from the same year but 

different satellite are not the same. At second, the fluctuations of the DN values 

derived from the same year but different satellites behave irregularly. At third, the 

total numbers of lit pixels from the same year but different satellites are not the same. 

At fourth, the number of lit pixels derived from different years but the same satellite 

decreased irregularly. 

 

 

Figure 4.3 The step-by-step flowchart of intercalibration 

 

As mentioned above, the major reason for those four problems is that the DN values 

of nightlight imagery data are acquired by DMSP/OLS without any on-board 

calibration. Consequently, the DMSP/OLS imagery data is only correlated to the 

relative brightness of lights, accordingly, it is not appropriate for using directly and 

representation of the actual radiance of lights (Liu, et al., 2012). Elvidge, et al. (2009) 

developed an empirical procedure to intercalibrate the annual DMSP/OLS data by 

examining the samples of nightlight imagery data which include the lights of human 

settlements from candidate areas for calibration. The details of this procedure have 

been introduced in the early part of this thesis. Based on their research and depending 

on the actual requirement in this thesis, the intercalibration in this thesis was operated 
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with corresponding adjustment and change. 

 

The flowchart of the steps to realize the intercalibration is shown in Figure 4.3 (on 

page 28). First of all, the statistical data of the sum of lights (SOL) of all the nightlight 

imagery data of the continental USA from each year were compared to find one 

nightlight imagery data with the highest cumulative DN values. In this thesis, based 

on the Figure 4.4 on page 30, it can be seen that the nightlight imagery data F152005 

has the maximum number of lit pixels in the whole dataset. Therefore, the nightlight 

imagery data F152005 can be used as the reference map to calibrate the other 

nightlight imagery data of the dataset. 

 

In the second, all the images of the continental USA from the year 1992 to 2010 with 

different satellites were clipped to achieve the cropped images of 48 states. In the 

third, the statistical data of the SOL of nightlight imagery data of each state from all 

the years and all the satellites were compared to find the data which is the most stable 

one or has the minimal changes from 1992 to 2010. The state of Connecticut was 

chosen for this thesis after the comparison. But the range of the DN values of this 

state was not taken into the full range 0-63. The range of DN can be completed by 

adding other areas with the missing DN values. The city of Boston and the north of 

Nantucket Island near the state of Connecticut with the small changes were merged 

with Connecticut. Thus, the final reference map of the intercalibration in this thesis 

was the merged image of the cropped images of the Connecticut, Boston and 

Nantucket Island from F152005. 

 

The forth step is to build the second regression model, which is expressed as Equation 

(2) in chapter 2 between the reference image and other images. It is difficult to use the 

images to perform the second regression model directly. To realize this step, the DN 

values of all the pixels of the images should be extracted to calculate the coefficients 

of the second regression model. Therefore, a fishnet was created in ArcGIS 10 and the 

cell size of the fishnet was set the same as the cell size of the image to make sure that 

the points of the fishnet are able to cover all the pixels of the map. It is important to 

check if there are any points missing from the image or if the pixels have no covered 

points in this processing. Subsequently, the values of the pixels of the corresponding 

points from 1992 to 2010 were all assigned. The statistical data from the assigned 

points of all the maps were used to run the second regression model in Matlab. In 

Matlab, the regression model was expressed as in Equation (7) 

 

                         y = a+ b * x + c * x
2
                  (7) 

 

where y is the dependent variable as the statistical data of the assigned points from the 

F152005 which is the reference image, x is the independent variable of the calibrated 

image and the a, b and c are the coefficients of intercalibration. After running the 

Equation (7), the coefficients for the intercalibration were achieved. Then the 

Equation (2) was applied to each nightlight imagery data to calculate the calibrated 
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DN values. The parameter of P0 is a, the parameter of P1 is b and the parameter of P2 

is c. The last step is to reclassify the images. All the nightlight imagery data of the 

continental USA were reclassified by the calibrated DN values. After that, the process 

of intercalibration was completed. The detailed steps of the intercalibration are shown 

in Appendix B. 

 

 

Figure 4.4 The time series composed of the data from different satellites 

 

4.4 Determination of threshold value and urban areas 

The main purpose of this process is to find the most appropriate threshold value for 

nightlight imagery data. The lit areas detected by the OLS sensors are larger than the 

spatial geographic extents of the actual associated areas. This effect of the 

DMSP/OLS imagery data is called ‘blooming’ or ‘over-glow’. This error of the 

nightlight imagery data leads to the incorrect indication of the lighted pixels which 

should not be included in the lighted areas or the source of the night light.  To offset or 

depress the blooming effect, the suitable threshold value for the nightlight imagery 

data should be found. The appropriate threshold value is an important issue for 

determining the boundaries of the urban areas of the night light image. As mentioned 

before, in this thesis, the head/tail breaks classification was used to find the threshold 

value and determine the urban areas of the nightlight image of the continental USA. 

The head/tail breaks classification is a new method to classify the values of the data 

that can be represented by the long-tail distribution. It is important to find all the 

necessary mean values of the data for performing the head/tail breaks classification. 

From Figure 4.5 on page 31, it can be seen that the distribution of the pixels of the 

nightlight imagery data is a long-tail distribution and the head/tail breaks 

classification is suitable for this kind of image. To realize the head/tail breaks 

classification and to find the optimal threshold value, the statistical data includes the 

range of the pixels and the amount of the pixels of the images should be prepared. The 
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key step in performing the head/tail breaks classification is to find the mean values 

which are the essential factors to classify the data. 

 

 
Figure 4.5 Pixels’ distribution of calibrated image of 2010 

 

The first mean value cuts the distribution of the pixels into two parts. One part 

includes the pixels which are greater than and equal to the first mean value. The other 

part includes the pixels which are smaller than the first mean value. Here the former 

one is called the Head part and the latter is called the Tail part. The Head part should 

be used in the next step. Afterwards, the second mean value of the data values in the 

Head part cuts this Head part into two new parts. The values which are larger than and 

equal to the second mean value is grouped into the new Head part, while the values 

which are smaller than the second mean value is grouped into the new Tail part. This 

step should be repeated until the proportion of the final Head part infinitely 

approaches the 50% but is not larger than 50%. The detailed step-by-step process of 

head/tail breaks classification is introduced in Appendix A. Table 4.2 and Table 4.3 

show the results of the head/tail breaks classification of the intercalibrated image and 

uncalibrated image from the year 2010. In the first row, Value means the pixel’s value, 

Count means the number of pixels and Value * Count is the sum of the product of the 

individual pixel’s value and its number. 

 

Table 4.2 The calculation of the threshold intercalibrated image of year 2010 (Note: # = number of 

pixels; % = percentage of pixels). 

Value Count Value*Count Mean In head # In head % In tail # In tail % 

3-58 12081756 85418189 7.070 2416085 20% 9665671 80% 

7-58 2416085 50765568 21.011 819176 34% 1596909 66% 

 

Table 4.3 The calculation of the threshold of 2010 without intercalibration (Note: # = number of 

pixels; % = percentage of pixels). 

Value Count Value*Count Mean In head # In head % In tail # In tail % 

3-63 4916528 82551541 16.790 1405937 29% 3510591 71% 

17-63 1405937 53453812 38.020 636400 45% 769537 55% 

0 

10 

20 

30 

40 

50 

60 

70 

3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 40 42 45 47 50 52 55 58 

C
o

u
n
t 

x
 1

0
0

0
0

0
 

Value 



32 
 

It can be found that there are two mean values can be used as the threshold value to 

reclassify the uncalibrated image from the year 2010 which are the value 17 and the 

value 38. Apparently, the threshold value for eliminating the ‘blooming’ effect and 

delineating the boundaries of the cities should be only one for one image. The ideal 

way to check which of them is the most appropriate threshold value is to make sure 

both of them actually get used and then to observe the differences between the 

reclassified maps.  

 

     

                  (a)                           (b) 

Figure 4.6 The reclassified images of uncalibrated image 2010_F18 (Note: figure (a) was 

reclassified based on mean value 17 and figure (b) was reclassified based on mean value 38.) 

 

From Figure 4.6 which shows the partial amplification of the Chicago City area, it can 

be seen that the boundaries of the reclassified area on the left exceeds the boundaries 

of the original brightest areas, while the boundaries of the reclassified area on the 

right well matches the boundaries of the brightest areas. Therefore, the second mean 

value 38 is optimal for the uncalibrated image from the year 2010. There was no 

unique or uniform threshold value for all the images without intercalibration because 

the possible errors were not eliminated. But the head/tail breaks classification is able 

to find the appropriate threshold value because this classification method only 

depends on the natural condition of the image. All the mean values to classify the 

uncalibrated images from 1992 to 2010 with all the different satellites of the 

continental USA is shown in Table 4.4 on page 33. 

 

To find the most optimal threshold value for all the nightlight imagery data of the 

continental USA from 1992 to 2010 with different satellites after intercalibration, in 

terms of the calculation mentioned above, one more step should be completed in this 

stage of data processing. That is, it is necessary to calculate the final mean values 

based on the entire candidate mean values from the head/tail breaks classification, 

which means the mean values of each image should be calculated and then the final 

mean values of these calculated mean values are able to be achieved. 
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Table 4.4 Mean values of all nightlight images without intercalibration (Note: M = mean value). 

 
1

st
 M 2

nd
 M   1

st
 M 2

nd
 M 

1992_F10 16 37 2002_F14 14 35 

1993_F10 14 33 2002_F15 14 35 

1994_F10 14 35 2003_F14 14 36 

1994_F12 16 37 2003_F15 12 32 

1995_F12 15 37 2004_F15 11 31 

1996_F12 15 36 2004_F16 13 34 

1997_F12 16 37 2005_F15 11 31 

1997_F14 13 34 2005_F16 11 31 

1998_F12 16 37 2006_F15 11 31 

1998_F14 12 32 2006_F16 13 35 

1999_F12 17 38 2007_F15 11 30 

1999_F14 13 34 2007_F16 14 35 

2000_F14 14 34 2008_F16 14 35 

2000_F15 15 35 2009_F16 14 35 

2001_F14 13 34 2010_F18 17 38 

2001_F15 14 34    

 

The calculation of the final mean values is not difficult but required patience. 

Therefore, the first final mean value was calculated by dividing the sum of all the first 

mean values and the number of the corresponding data. The second final mean value 

was calculated by dividing the sum of all the second mean values and the number of 

the corresponding data. Finally, the third final mean value was calculated by dividing 

the sum of all the third mean values and the number of the corresponding data. After 

this calculation, for all the nightlight images after intercalibration, there were three 

final mean values that should be used as the candidate threshold values for all the 

intercalibrated images which were 9, 25 and 38. Table 4.5 on page 34 presents the 

mean values of each image with its satellite, and the three final mean values are 

shown in the last row of this table. The reason for this step is that the possible errors 

from all the nightlight images should be depressed or offset after the intercalibration. 

Hence, the individual threshold value should be appropriate for all the intercalibrated 

images of the continental USA from 1992 to 2010. 

 

As mentioned above, the best way to find the optimal threshold value is to observe 

and compare the differences between the reclassified maps based on these three 

candidate threshold values in practical use for all the intercalibrated images. In this 

case, the intercalibrated image of the continental USA of the year 2010 with satellite 

F18 was used as an example to show the differences. Figure 4.7 on page 34 represents 

the reclassified images of 2010_F18 with partial amplification to the Chicago City 

area of images after intercalibration. 
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Table 4.5 Mean values of all the intercalibrated nightlight images (Note: M = mean value). 

 
1

st
 M 2

nd
 M 3

rd
 M  1

st
 M 2

nd
 M 3

rd
 M 

1992_F10 5 13 33 2002_F14 6 19 41 

1993_F10 5 14 34 2002_F15 6 18 39 

1994_F10 7 20 
 

2003_F14 13 34  

1994_F12 15 35 
 

2003_F15 11 31  

1995_F12 12 32 
 

2004_F15 11 30  

1996_F12 5 15 36 2004_F16 11 32  

1997_F12 5 18 
 

2005_F15 11 31  

1997_F14 12 34 
 

2005_F16 11 31  

1998_F12 6 19 40 2006_F15 6 17 38 

1998_F14 13 33 
 

2006_F16 14 34  

1999_F12 6 16 37 2007_F15 13 31  

1999_F14 13 32 
 

2007_F16 13 33  

2000_F14 6 16 37 2008_F16 13 33  

2000_F15 13 33 
 

2009_F16 6 18 40 

2001_F14 6 17 38 2010_F18 7 21  

2001_F15 5 15 37     

 
Sum 286 775 450  

Mean value 9.226 25 37.500  

 

From Figure 4.7, it is not difficult to find that the second mean value 25 makes the 

boundaries of the reclassified areas match the boundaries of the brightest areas from 

year the 2010 with satellite F18 better than the reclassified images based on the first 

mean values 7 and the third mean value 38. Therefore, in terms of these steps for 

calculating and comparing the threshold values of the nightlight imagery data after 

intercalibration, it can be found that the most optimal threshold value for all the 

nightlight imagery data after intercalibration is the second mean value 25.  

 

   

           (a)                        (b)                        (c) 

Figure 4.7 The reclassified images of calibrated image 2010_F18 (Note: figure (a) was reclassified 

based on mean value 9, figure (b) was reclassified based on mean value 25 and figure (c) was 

reclassified based on mean value 38.) 
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4.5 Power law detection 

The final main process of this thesis is to test if all the urban areas or human 

settlements achieved from the nightlight imagery data based on head/tail breaks 

classification fit the power law distribution. To realize this step, the statistical data of 

all the urban areas from the nightlight imagery data were prepared. The software used 

to run the power test is Matlab. In this thesis, the approach developed by Clauset, et al. 

(2009) was adopted. The general expression of the power law distribution can be 

represented by 

 

                            y = C * k
-δ

                       (8) 

 

where k is the quantity, C is the constant and δ is the power law exponent of the 

distribution. 

 

To detect the power law distribution of the data, the linear relationship between the 

logarithm of y and logarithm of k is necessary to be found. Taking the logarithms on 

both sides of the general expression, the equation can be represented by 

 

                          lny = lnC –δ * lnk                   (9) 

 

The slope of the straight line should be –δ and this linear relationship is very 

important to see if the data fit the power law. The error of the end of the logarithmic 

tail is caused because the bin only has a few samples, and the optimal way to reduce 

this error is a cumulative density function. To determine δ, Clauset, et al. (2009) 

developed the maximum likelihood estimators to estimate the appropriate power law 

exponent. Besides, the usual method for testing the data to determine if the data fit the 

power law is the least squares fit which can produce errors or an inaccurate result. 

Clauset, et al. (2009) claimed that the maximum likelihood fitting methods with the 

goodness fit test based on the Kolmogorov-Sirnov test were better than other common 

ways, like the least squares fit. The p-value achieved from this goodness fit test can be 

used to determine how good the data fit the power law. The Matlab functions to test 

the fitness of a power law distribution and calculate the p-value for a fitted power law 

distribution were downloaded from http://tuvalu.santafe.edu/~aaronc/powerlaws/. To 

ensure the accuracy of the p-value can reach to 2 decimal digits, the samples for the 

goodness fit test were chosen 2,500 in this thesis. The range of the p-value is not 

consistent in all the schemes. In some calculations, if the p-value is greater than 0.1, it 

can demonstrate that the data fit the power law. Nonetheless, in many calculations, if 

the p-value is greater than 0.05, it can claim that the data fit the power law. The 

concrete analysis should be made according to the concrete circumstance in this thesis. 

In practice, the particular rule of p-value depends on the facts of the results. 

 

  

http://tuvalu.santafe.edu/~aaronc/powerlaws/
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5. Results and discussions 

In this chapter, the results and discussion of the above data processing of nightlight 

imagery data of the continental USA from the year 1992 to 2010 are represented. 

There are two short-term aims of this thesis which are data preparation and scaling 

analysis. Hence, the first section discusses the results of data preparation. In this 

section, three detailed objectives which are the intercalibration of nightlight imagery 

data, extracted cities and data archive of data preparation are also discussed. All the 

coefficients for the intercalibration of nightlight images are represented in first part, 

and the detailed discussion of extracted cities and a detailed introduction to the data 

archive are drawn in second part of this section. The second section represents the 

results of scaling analysis. Two detailed objectives which are the ht-index based on 

the head/tail breaks classification and power law detection for the natural cities are 

represented. The first part discusses the obtained threshold values. The second part 

discusses the results from the head/tail breaks classification from images before and 

after intercalibration. It also introduces that the distribution of the natural cities 

follows the long-tail distribution. The third part discusses the results from power law 

detection of all the natural cities from nightlight imagery data of the continental USA 

with plots, power law exponents and p-values. The results imply a good fit of the 

power law for the natural cities. The third section describes the last achievement of 

this thesis which is the data archive of extracted natural cities of nightlight images 

from the year 1992 to 2010 with different satellites. The final section introduces the 

limitation of this thesis and provides some suggestions for the future work based on 

the works of this thesis. 

5.1 Data preparation 

In this section, all the results of the first aim of this thesis which is data preparation 

are drawn. As mentioned above, there are three detailed objectivities of this aim 

should be completed which are the calibration of nightlight imagery data, extraction 

of the natural cities and the data archive of derived natural cities. Therefore, the first 

section represents the all the coefficients for the intercalibration of nightlight imagery 

data of the continental USA from the year 1992 to 2010. The second section briefly 

introduces and discusses the natural cities derived from nightlight imagery data of the 

continental USA, the detailed information about the data archive of these extracted 

cities is also represented in this section. 
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5.1.1 Intercalibration 

As aforementioned, the first aim of this thesis is the data preparation. Firstly, the 

coefficients for the intercalibration of the nightlight imagery data were calculated 

based on the second order regression model which is detailed explained in the above 

chapters. The objective of the intercalibration is to offset or depress the annual 

variations or possible errors of the images from the same year but different satellites 

or the same satellite but different years because there is no on-board calibration for 

the visible band of the OLS sensors. The possible undesirable impacts of the 

variations of the nightlight images have been discussed above.  

 

Based on the second order regression model, all the nightlight images were used to 

calculate the corresponding parameters with the reference images. The parameters 

were derived by comparing the DN values of the other images with the DN values of 

the reference image from F152005. Table 5.1 contains all the parameters for the 

intercalibration and the correlation coefficients of all the annual nightlight imagery 

data of the continental USA of this thesis. These coefficients are available for other 

related studies if the nightlight imagery data in a period of USA are intended to be 

used to complete the calibration. 

 

Table 5.1 The coefficients of second order regression models. 

Image R
2
 a b c  Image R

2
 a b c 

1992_F10 0.932 2.350 0.385 0.008 2002_F14 0.972 1.791 0.554 0.006 

1993_F10 0.959 1.714 0.497 0.006 2002_F15 0.979 0.768 0.696 0.004 

1994_F10 0.970 4.450 0.145 0.011 2003_F14 0.981 0.221 0.911 0.001 

1994_F12 0.976 -0.042 0.953 -0.00002 2003_F15 0.988 -1.017 1.125 -0.002 

1995_F12 0.976 0.420 0.627 0.005 2004_F15 0.980 0.059 1.055 -0.001 

1996_F12 0.982 1.048 0.574 0.006 2004_F16 0.985 0.130 0.751 0.003 

1997_F12 0.974 1.265 0.607 0.005 2005_F15 1.000 0.000 1.000 0.000 

1997_F14 0.978 -0.761 1.057 0.001 2005_F16 0.988 -0.821 1.153 -0.002 

1998_F12 0.975 0.584 0.800 0.002 2006_F15 0.979 0.102 1.316 -0.006 

1998_F14 0.982 -0.238 1.149 -0.003 2006_F16 0.983 -0.615 1.168 -0.003 

1999_F12 0.976 2.226 0.537 0.006 2007_F15 0.952 -0.330 1.336 -0.006 

1999_F14 0.981 -0.070 1.077 -0.002 2007_F16 0.976 -0.063 0.930 0.001 

2000_F14 0.980 2.096 0.541 0.006 2008_F16 0.974 -1.337 1.168 -0.003 

2000_F15 0.980 -2.138 0.994 -0.00001 2009_F16 0.968 2.029 0.627 0.005 

2001_F14 0.981 2.200 0.567 0.005 2010_F18 0.962 2.593 0.347 0.008 

2001_F15 0.986 1.256  0.574  0.006       
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5.1.2 Extracted cities and data archive 

The second most important result of the data preparation of this thesis is the data 

archive for the extracted natural cities. The extracted cities from the nightlight 

imagery data are called natural cities in this thesis. These extracted cities were derived 

by the head/tail breaks classification which means there were no subjective views of 

human influence in the acquisition of the cities. The derived cities were achieved 

naturally in this thesis. Even they are not the real boundaries of the cities, the cities 

are able to represent the high aggregation of human activities and human settlements. 

Figure 5.1 shows the extracted cities of the continental USA of the year 2010 after 

intercalibration and before intercalibration. The differences between calibrated images 

and uncalibrated images are difficult to see from the maps of the continental USA. 

Figure 5.2 represents two cropped maps of the extracted natural cities around the 

areas of Manhattan. It can be seen that the differences between two maps are small, 

but then can not be ignored. 

 

  

                (a)                                (b) 

Figure 5.1 The extracted natural cities of the continent USA of 2010 (Note: with (a) and without (b) 

intercalibration.) 

 

       

                 (a)                                (b) 

Figure 5.2 The extracted natural cities of the Manhattan areas of 2010 (Note: with (a) and without 

(b) intercalibration.) 
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Many previous studies based on the nightlight imagery data, such as urbanization and 

energy consumption, only focus on few discontinuous years or a short time period in 

the whole time series. The dataset of many previous studies are not public or free even 

the data processing is explained in the papers. However, the data processing of the 

nightlight imagery data is a difficult and time consuming procedure that plays an 

important role for the analysis of the study and further processing of the data. 

Processing all the data requires patience, circumspection, the permission of the 

software, a large amount of energy and great effort. In many cases, a lot of time and 

effort have been spent on the data processing. If the time and effort can be saved and 

spent on the main aim of the study, the quality of the result can be improved and the 

researcher can devote more attention to later procedures in their process. 

 

As aforementioned, the extracted urban areas from the nightlight imagery data of the 

continental USA from the year 1992 to 2010 are available stored as both statistical 

data and vector files. For any possible requirements of the studies, the data after 

intercalibration and the data without intercalibration are provided. To ensure the data 

archive is truly available, easily to be obtained and unlimited, all the data of the 

extracted urban areas are stored as common file formats. This data archive will save 

time and effort for the users of the nightlight imagery data, and some data processing 

can be skipped, such as the extraction of the study area, the calculation of the 

parameters of intercalibration, the test of the power law, and the time for running the 

software of these procedures. The data of the extracted natural cities can be found at 

https://sites.google.com/site/dataarchiveofnaturalcities/home. 

 

In addition, the step-by-step tutorials for data processing are also represented in the 

appendices of this thesis, such as the explanation of the selection of the parameter. All 

the processes are able to be followed for other areas from the DMSP/OLSA imagery 

data. In practice, the adjustment of the process is also flexible based on the actual 

requirements. In short, the data archive and the tutorials provide convenience for the 

user. The brief introduction and the detailed information about the data archive are 

shown in Appendix C. 

5.2 Scaling analysis 

In this section, the results of the second aim of this thesis which is scaling analysis are 

drawn. As mentioned above, there are two detailed objectivities of this aim should be 

completed. Therefore, the first section discusses the achieved threshold values of both 

calibrated and uncalibrated images of the continental USA from 1992 to 2010 with all 

the different satellites. The second section discusses the calculation of the ht-index 

and the results of the head/tail breaks classification. The third section briefly 

represents results of the power law test of the natural cities derived from nightlight 

imagery data of the continental USA from the year 1992 to 2010 of both calibrated 

nightlight images and uncalibrated nightlight images. 

https://sites.google.com/site/dataarchiveofnaturalcities/home
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5.2.1 Threshold value of nightlight image 

The first refined finding of this thesis is that it confirms the practical value of the 

head/tail breaks classification for the determination of the threshold of the nightlight 

imagery data which is important for the suppression of the blooming effect and the 

extraction of the urban areas. The delineation of urban areas is the essence of most 

urban studies or other related studies. As aforementioned, the threshold value for the 

nightlight imagery data after intercalibration is only one while the threshold values for 

the nightlight imagery data without intercalibration are multiple (see Table 4.4 on 

page 33 and Table 4.5 on page 34). The tables represent all the mean values for 

head/tail breaks classification. In Table 4.4, the first mean values are obviously poorer 

than the second mean values. In Table 4.5, the final mean value 25 is the most 

appropriate threshold value for all the nightlight images after intercalibration.  

 

Based on the concept mentioned above, the natural cities should be delineated 

naturally or automatically. In this thesis, the determination of the threshold value for 

the data to find urban areas only depends on the image itself. During the whole 

determination process, the only factor that can influence the selection of the threshold 

is the condition of the nightlight image. In previous studies, the methods or the 

theories of the determination of the threshold value of delineating urban areas are 

diverse. But the head/tail breaks classification is first employed to define the threshold 

values for nightlight imagery data to find the cities.  

 

Although the method and theory of determining the threshold value is new, the 

extracted cities are acceptable. Besides, as mentioned above, selecting the threshold 

value is not based on any subjective wishes from the researcher. The acquired 

threshold value from head/tail breaks classification is able to reflect the inherent 

condition of the image and the achieved cities are the natural cities. Certainly, the 

distribution of the data should follow the long-tail distribution. 

 

From Table 4.4, it is not difficult to find that there is no unique threshold value for all 

the images without intercalibration. Each image has its own threshold value. These 

results are able to be accepted even the possible errors of these images have not 

adjusted because as aforementioned, the determination of the threshold value by 

head/tail breaks classification depends on the image itself. But the limitation of the 

images without intercalibration should not be ignored. These images are not able to be 

used for studies related to the time period. That is to say, using one of them is 

acceptable, but using two or more in one study is not recommended. However, the 

images after intercalibration do not have this limitation. 
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5.2.2 Head/tail breaks classification and ht-index of nightlight data 

It can be found that the distribution of the natural cities obeys a long-tail distribution 

if the areas of the cities are represented as the vertical axis from the smallest city to 

the largest city while the ranks of the cities are represented as the horizontal axis from 

the first rank to the last rank. Figure 5.3 presents the distribution of the natural cities 

of 2010 after intercalibration, and Figure 5.4 on page 43 represents the distribution of 

the natural cities of 2010 without intercalibration. Obviously, the distributions of the 

natural cities fit the long-tail distribution. From Table 5.2, it can be seen that there are 

5,277 natural cities derived from 2010 with satellite F18 after intercalibration. And 

there are 4,877 natural cities extracted from 2010 with satellite F18 without 

intercalibration.  

 

Table 5.2 The number and the percentage of the natural cities of 2010 (Note: * with 

intercalibration, # without intercalibration). 

 
Number* Percentage* Number# Percentage# 

Total 5277 100% 4877 100% 

Head ( > mean value) 555 11% 525 11% 

Tail ( < mean value) 4722 89% 4352 89% 

 

The total urban areas of the natural cities from both the calibrated and uncalibrated 

image can be divided into two parts based on the mean values of the areas of the cities. 

In Table 5.2, according to the division of the mean value of the urban areas, the cities 

are classified into the head part of the long-tail distribution of the natural cities if the 

areas of the corresponding cities are equal to or smaller than the mean value. Those 

cities whose areas are smaller than the mean value are classified into the tail part of 

the distribution of the urban areas. Only 11% of the cities are larger than the mean 

value, but up to 89% of the cities are smaller than the mean value. 

 

 

Figure 5.3 Distribution of natural cities of 2010 after intercalibration 
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Figure 5.4 Distribution of natural cities of 2010 before intercalibration 

 

It can be found that there are the small cities or human settlements are accounting for 

a very large percentage of the total urban areas which can be seen as the majority of 

the distribution of the urban areas and stay in the tail of the distribution. Large cities 

or human settlements account for a tiny percentage of the total urban areas. These 

large cities can be seen as the minority of the distribution of the urban areas which 

stay in the head of the distribution. This imbalance can be seen as a living example of 

the 80/20 rule which has been mentioned above. This imbalance is also a noticeable 

indicator for the power law distribution which is discussed in later section. According 

to the figures and table above, it also can be seen that the majority is unconsidered, 

while the minority is vital. 

 

As aforementioned, there are 5,277 natural cities were extracted from the nightlight 

imagery data after intercalibration of 2010 of the continental USA based on the 

head/tail breaks classification. The areas of these extracted cities were calculated and 

exported from ArcGIS 10. The statistics of the areas of the extracted cities were 

calculated in Excel. Table 5.3 represents the results of the classes and mean values of 

the areas of the extracted natural cities for calculating the ht-index based on the 

head/tail breaks classification of the continental USA of 2010 after intercalibration.  

 

Table 5.3 Statistics of ht-index calculation of extracted cities of 2010 after intercalibration (Note: 

# = number of pixels, % = percentage of pixels). 

Area (km
2
) Count Mean In head # In head % In tail # In tail % 

0-38463.71 5277 86.50 555 11% 4722 89% 

86.5-38463.71 555 664.78 103 19% 452 81% 

664.78-38463.71 103 2697.72 25 24% 78 76% 

2697.72-38463.71 25 7256.55 7 28% 18 72% 

7256.55-38463.71 7 14386.62 1 14% 6 86% 

 

The way to calculate and achieve the ht-index of the derived extracted cities is the 

same as the way to realize the head/tail breaks classification of the nightlight imagery 

data. Firstly, the first average value of all the areas of the continental USA of the year 
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2010 should be found. The areas smaller than the average value should be grouped 

into the tail part, while the areas larger than the average value should be grouped into 

the head part until the percentage of the tail part is not larger than the head part or 

there is no more data value to be reclassified in the head part. 

 

It can be seen that the range of the first class of the areas should be 0-86.5 km
2
 and 

4,722 natural cities are involved in this class. In the second class, the range of the 

areas should be 86.5-664.78 km
2
 and 452 extracted cities are involved in this class. In 

the third class, the range of the areas should be 664.78-2,697.22 km
2
 and 78 extracted 

cities are involved in this class. In the fourth class, the range of the areas should be 

2,679.22-7,256.55 km
2
 and 18 extracted natural cities are involved in this class. The 

range of the next class should be 7,256.55-14,386.62 km
2
 and 6 natural cities are 

involved in this class. The range of the last class of the areas of the extracted cities 

should be 14,386.62-38,463.71 km
2
 and only one natural city is involved in this class. 

To be consistent with the rank-size, the category was re-ranked. The natural cities in 

all the six classes were ranked from the largest natural city (last class) to the smallest 

city (first class). 

 

   

         

Figure 5.5 Reclassified map of natural cities of 2010 after intercalibration 

 

Therefore, the ht-index of the extracted natural cities of the continental USA of 2010 

after intercalibration is 6. That means, the inherent hierarchy of the derived natural 

cities of the continental USA of the year 2010 after intercalibration is 6. As 

aforementioned, the ht-index is able to find the underlying complexity and inherent 
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hierarchy of the data. It is also able to find the structure and complexity behind the 

data. The data will be more complicated if the ht-index of the data is higher. The 

inherent hierarchy of the derived natural cities of the continental USA of 2010 after 

intercalibration is 6. 

 

As mentioned above, the derived natural cities may be the metropolitan areas. Figure 

5.5 on page 44 represents a reclassified map of the natural cities of the continental 

USA of 2010 after intercalibration with 6 different classes based on the head/tail 

breaks classification. The hierarchy of the natural cities can be seen directly from the 

legend besides the map which is shown as the same order as the discussion above. 

From the figure, it can be seen that the largest natural city is located in the northeast 

seaboard of the continental USA. This metropolitan area is similar to the metropolitan 

area in study of Gottmann (1957) which is extending from the Boston City, through 

the New York City and the Philadelphia City and ending in the Washington, D. C. But 

this derived metropolitan area is extending from the Springfield City. 

 

There are 4,877 natural cities were extracted from the nightlight imagery data of the 

continental USA of 2010 with satellite F18 without intercalibration by using the 

head/tail breaks classification. Table 5.4 represents the statistics of the extracted 

natural cities of 2010 without intercalibration. It can be seen that the number of the 

extracted natural cities is smaller than the number of the extracted natural cities from 

the nightlight imagery data of 2010 after intercalibration. This difference is acceptable 

due to the DN values of the two images were not the same after operating the 

intercalibration. The way to delineate the boundaries of the cities was the head/tail 

breaks classification in this thesis based on the DN values. 

 

Table 5.4 Statistics of ht-index calculation of natural cities of 2010 before intercalibration (Note: # 

= number of pixels, % = percentage of pixels). 

Area (km
2
) Count Mean In head # In head % In tail # In tail % 

0-34177.52 4877 85.47 525 11% 4352 89% 

85.47-34177.52 525 646.75 98 19% 427 81% 

646.75-34177.52 98 2596.09 25 26% 73 74% 

2596.09-34177.52 25 6624.51 8 32% 17 68% 

6624.51-34177.52 8 12531.31 2 25% 6 75% 

 

From Table 5.4, it obviously shows that the range of the first class of the areas should 

be 0-85.47 km
2
 and there are 4,352 natural cities involved in the first class of the 

extracted cities. In the second class of the extracted cities, the range of the urban areas 

should be 85.47-646.75 km
2
 and there are 525 extracted cities involved in the second 

class. In the third class of the extracted cities, the range of the areas should be 

646.75-2,596.09 km
2
 and there are 98 extracted cities involved in this class. In the 

fourth class, the range of the areas should be 2,596.09-6624.51 km
2
 and there are 25 

natural cities involved in this class of the extracted cities. In the fifth class of the 

extracted cities, the range should be 6624.51-12531.31 km
2
 and there are 8 natural 
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cities involved in this class. The range of the last class of the areas of the extracted 

cities should be 12531.31-34177.52 km
2
 and there is also only two natural city 

involved in this class. Therefore, the ht-index for the natural cities of the continental 

USA of 2010 is 6 as same as the ht-index of natural cities derived from the nightlight 

imagery data after intercalibration. The inherent hierarchy of the extracted natural 

cities of the continental USA without intercalibration of 2010 is 6. To be consistent 

with the rank-size, the category was re-ranked. The natural cities in all the six classes 

were ranked from the largest natural city (last class) to the smallest city (first class). 

 

From the results above, it can be found that the ht-index of the derived natural cities 

from the nightlight imagery data of 2010 after intercalibration and the ht-index of the 

extracted natural cities from the nightlight imagery data of 2010 without 

intercalibration are both 6. Even the numbers of the derived natural cities from the 

both images are not the same, though the inherent hierarchy and underlying pattern of 

the extracted natural cities of the continental USA of 2010 is the same. According to 

the theory mentioned before, the ht-index is 6 means the derived natural cities of 2010 

of the continental USA is not very complicated because the ht-index is not very high. 

Figure 5.6 shows the reclassified map of the natural cities of 2010 without 

intercalibration which contains 6 different classes.  

 

   

         

Figure 5.6 Reclassified map of natural cities of 2010 before intercalibration 

 

According to the figure shown above, it can be seen that one of the natural cities in 

the last class is located in the northeast seaboard of the continental USA, and the other 

one is located in the southwest of the Lake Michigan. This largest metropolitan area is 
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similar to the metropolitan area derived from calibrated image of 2010 which is 

extending from the Springfield City, ending in the Washington, D. C., and passing 

through the New York City and the Philadelphia City. The second largest metropolitan 

area is extending from the Milwaukee City and ending in the Chicago City. 

 

        
(a) (b) 

Figure 5.7 Metropolitan area along the northeast seaboard of 2010 (Note: with (a) and without (b) 

intercalibration.) 

 

     

(a)                                (b) 

Figure 5.8 Metropolitan area along the Lake Michigan of 2010 (Note: with (a) and without (b) 

intercalibration.) 

 

According to the concept of metropolis mentioned above, two metropolis or 

metropolitan areas were obtained from the natural cities. Figure 5.7 and Figure 5.8 

show two metropolitan areas of continental USA of 2010. These two metropolitan 

areas of continental USA are famous and important. There are many significant 

universities and industries located in these two areas. The former one is the largest 

financial and commercial centre of the USA, and the latter one is the biggest 

industrial area of the USA. The differences between the metropolitan areas along the 

northeast seaboard of the continental USA derived from calibrated nightlight image 

and uncalibrated nightlight image are not very obvious. But the differences between 

the metropolitan areas along the southwest of the Lake Michigan achieved from 
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calibrated nightlight image and uncalibrated nightlight image are apparent. The 

metropolitan area around the Chicago City is grouped into the last class of the natural 

cities derived from uncalibrated image but it is grouped into the fifth class of the 

natural cities achieved from calibrated image. 

 

5.2.3 Power law for natural cities 

The last finding is a further result from the derived natural cities of this thesis. It can 

be found that all the natural cities extracted from the nightlight imagery data of the 

continental USA follow the power law distribution. Figure 5.9 on page 48 represents 

two plots of power law distributions of the areas of cities from nightlight images after 

intercalibration and without intercalibration, and the legends of the plots explain the 

corresponding plots. All the data values of power law detection of the derived natural 

cities extracted from the calibrated nightlight images from 1992 to 2010 are shown in 

Figure 5.9 (a), while all the data values of power law detection of the derived natural 

cities extracted from the uncalibrated nightlight images from 1992 to 2010 are shown 

in Figure 5.9 (b). From the plots shown below, the difference between the different 

data values in each plot is extremely small. Moreover, the differences between two 

plots are also extremely small regarding the same study area. The detailed information 

about the power law distributions of all the natural cities are represented in Table 5.5 

on page 49. 

 

 
 (a)                                   (b) 

Figure 5.9 The power law distribution of urban areas of 2010 (Note: with (a) and without (b) 

intercalibration.) 

 

The Table 5.5 represents the p-values and the power law exponents δ of all the natural 

cities of both the calibrated nightlight imagery data and uncalibrated nightlight 

imagery data of the continental USA from 1992 to 2010 with different satellites. The 

power law exponents of all the natural cities are approximately 2. The exponents of 

derived natural cities from both calibrated image and uncalibrated images of the same 

year with same satellite are similar. The difference between the images from the same 

year with different satellites is very small as well. For example, the difference 
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between 2001_F14 and 2001_F15 after intercalibration is only 0.001, and the 

difference between 1999_F12 and 1999_F14 without intercalibration is only 0.002. 

Some exponents of the images from the same year with different satellites are the 

same. For example, the exponent of 1994_F10 and the exponent of 1994_F12 after 

intercalibration are both 1.943, and the exponent of 2001_F14 and the exponent of 

2001_F15 are the same. 

 

Table 5.5 The p-values and power law exponents for natural cities. 

 

After calibration Before calibration 

Image p-value δ p-value δ 

1992_F10 0.475  1.912  0.949  1.907  

1993_F10 0.946  1.919  0.940  1.919  

1994_F10 0.816  1.943  0.960  1.945  

1994_F12 0.404  1.943  0.927  1.921  

1995_F12 0.982  1.961  0.892  1.942  

1996_F12 0.706  1.975  0.644  1.927  

1997_F12 0.936  1.961  0.724  1.921  

1997_F14 0.060  1.975  0.930  1.941  

1998_F12 0.742  1.964  0.977  1.934  

1998_F14 0.105  1.991  0.824  1.926  

1999_F12 0.833  1.966  0.436  1.944  

1999_F14 0.355  1.983  0.347  1.942  

2000_F14 0.803  1.953  0.533  1.931  

2000_F15 0.844  1.984  0.900  1.937  

2001_F14 0.158  1.941  0.475  1.924  

2001_F15 0.840  1.940  0.482  1.924  

2002_F14 0.538  1.936  0.496  1.927  

2002_F15 0.830  1.936  0.447  1.931  

2003_F14 0.913  1.955  0.530  1.930  

2003_F15 0.448  1.946  0.882  1.925  

2004_F15 0.792  1.951  0.984  1.914  

2004_F16 0.745  1.940  0.856  1.921  

2005_F15 0.560  1.926  0.560  1.926  

2005_F16 0.575  1.941  0.887  1.910  

2006_F15 0.141  1.966  0.246  1.902  

2006_F16 0.117  1.959  0.834  1.899  

2007_F15 0.510  1.950  0.512  1.899  

2007_F16 0.287  1.950  0.440  1.893  

2008_F16 0.551  1.940  0.631  1.881  

2009_F16 0.879  1.917  0.987  1.891  

2010_F18 0.798  1.914  0.561  1.877  

 

 



50 
 

Except for the p-value of the calibrated image of 1997_F14 being greater than 0.05, 

the other p-values of all the natural cities achieved from the calibrated nightlight 

imagery and uncalibrated nightlight imagery data are greater than 0.1. This implies 

that the results of goodness fit of these natural cities are acceptable. But the p-value of 

the natural cities from the uncalibrated image of 1997_F14 is way larger than 0.1. As 

aforementioned, the selection of the range of p-value should depend on the practical 

situation. In this case, obviously, the data values of the natural cities obey the power 

law distribution. The range of the p-value of 0.05 was chosen in this thesis. 

5.3 Discussions 

Based on the achieved results from the nightlight imagery data shown above, the 

natural cities of the continental USA from 1992 to 2010 have been extracted. All the 

natural cities from calibrated and uncalibrated nightlight images can be found in the 

data archive. To get a better understanding of the extracted natural cities, the 

ht-indices of the derived cities of 2010 have been calculated based on the head/tail 

breaks classification. Certainly, the results of the power law tests of all the derived 

natural cities from 1992 to 2010 shows that the natural cities do obey the power law. 

In addition, all the threshold values based on the head/tail breaks classification for the 

images after intercalibration have been represented in the previous section, as well as 

the images without intercalibration. It is worth mentioning that the coefficients of the 

intercalibration of DMSP/OLS data of the continental USA from 1992 to 2010 also 

have been represented. 

 

The parameters for intercalibration for the whole world from 1992 to 2009 have been 

calculated by Elvidge, et al. (2009). But I calculated the parameters for the continental 

USA used in this thesis because the study area of this thesis is not the entire world. It 

has reason to believe that the determination of the coefficients of intercalibration 

should be according to the concrete conditions. Maybe from the view of the world, the 

changes of the continental USA are stable or not as obvious as other countries, but 

from the perspective view of the continental USA, the changes are big. Therefore, 

using the coefficients for the continental USA is more suitable for using the global 

coefficients, especially the calculation of the coefficients is based on the changes 

between the images from different years.  

 

However, nothing can be completely perfect. The limitations of this thesis should be 

discussed. First of all, even though the dataset of this thesis took all the nightlight 

imagery data from the whole period (1992 to 2010), the study area of this thesis is 

only the continental USA. The data archive is unsuitable for the studies of issues 

related to the entire world and other countries. The small range of the study area is the 

most noticeable limitation of this thesis. And the power law detection is a very time 

consuming work because the sample of the data values for the test should be no less 

than 2,500 to ensure a precise p-value. Moreover, the Matlab can only test the data 

values from different years with different satellite one by one.  
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6. Conclusions and future work 

Through the data processing and the discussion of the results, the eventual 

conclusions of this thesis are drawn in this chapter. In this chapter, the conclusions of 

this thesis are drawn in first section. From the tables and figures shown and discussed 

in previous chapters, the conclusions are easy to be achieved. In second section, the 

limitation of this thesis during data processing is discussed and the suggestions of the 

future work are drawn. 

6.1 Conclusions 

The results show that the advances of the integration of the GIS which provide 

software and technologies and the RS which provides update data with wide range of 

the world are significant for studies related to human settlements. Employing GIS 

knowledge and RS data source to detect the human settlements on the Earth’s surface 

is not new but effective and useful. The general trend of using the RS data is the 

common data like ETM+ images. Recently, using the nightlight image which can be 

seen as a record of the light resources on the surface of the Earth in the night is getting 

popular. The new and modern urban studies or other research related to human 

settlements should not ignore the practical usability of nightlight imagery data from 

the DMSP/OLS. It is well-known that the delineation of urban areas is always an 

essential part of urban studies. The value of the result from this kind of study depends 

on the accuracy of the extracted urban areas.  

 

However, the method used in this thesis to extract the study area and the method to 

realize the power law detection are not very new. And there are many other ways to 

derive the study areas and test if the data fit the power law distribution. In addition, 

the way to find the suitable threshold value in many previous studies is the suggestion 

from Imhoff, et al. (1997). But the method used in this thesis to determine the 

threshold value which is very important to delineate the boundaries of the cities and 

offset the blooming effect of the nightlight image is new. The head/tail breaks 

classification is often used to classify the vector data but it is used to process the raster 

data in this study. The detailed theory and processing of the head/tail breaks 

classification are discussed above. 

 

The results of this thesis demonstrate that the distribution of the natural cities 

achieved from the nightlight imagery data of the continental USA follows the power 

law distribution which is one of the typical heavy-tailed distributions. As mentioned 

before, the long-tail distribution and the power law distribution are useful for urban 

studies. The head/tail breaks classification is operated based on the long-tail 

distribution and it is useful for finding the underlying hierarchy of the data. The 

boundaries of the natural cities are achieved based on the rule of the head/tail breaks 

classification. In the data archive, all the natural cities from the calibrated nightlight 
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imagery data and uncalibrated nightlight imagery data are stored as the vector format. 

The statistical data of these natural cities are also recorded into the data archive. 

 

Generally speaking, the preliminary aims of this thesis to delineate the boundaries of 

the cities based on the head/tail breaks classification for the DMSP/OLS imagery data 

has been achieved. The detection of the human settlements or urban areas by using 

nightlight images is effective. The range of the nightlight image covers the whole 

world which is the most significant advance of the RS data. The methods and the 

theories used in this thesis are not only appropriate for the continental USA but also 

suitable for other study areas because the usability and accuracy of the important 

processes of this thesis only depends on the data itself. The data archive is also useful 

for the researchers who need to use the data directly.  

6.2 Future work 

The integration of GIS technologies and RS data is a consequent outcome of the 

development of science and human society. The RS data provide wide range of data of 

the Earth’s surface in a continuous time period. But RS data always involves a lot of 

different information about geographic features. GIS technologies are useful for 

extracting valid or necessary information from the RS data. Their integration provides 

strong support for the related studies and researches, like the urban studies. One of the 

most important components of a completed urban study is the data of urban areas. 

This thesis provides a new approach to extract urban areas from satellite image. 

 

On the one hand, as mentioned above, the study area of this thesis only involves the 

continental USA which means the range of the derived natural cities from 1992 to 

2010 is not very wide. The data archive of the extracted natural cities is only 

appropriate for the studies of the continental USA. On the other hand, the power law 

test of the derived natural cities during the data processing of this thesis was very time 

consuming. To ensure the precise of the p-value of the power law test can be satisfied, 

the number of the data sample should be at least 2,500. In future work, the limitations 

mean the range of the study area should be expanded if it is necessary, and there needs 

to be abundant time and researchers for later work. In addition, the latest year of the 

dataset of this thesis is 2010 which is not very new. The new product from 

DMSP/OLS is useful for the later studies when the new nightlight image can be 

achieved. At last, the coefficients of the intercalibration are calculated by myself. It 

has reason to believe that using the exclusive coefficients for the continental USA is 

more appropriate than using the coefficients for the entire world. Therefore, the last 

suggestion for the future work is to make a concrete analysis based on the concrete 

conditions. 
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Appendix A: Data processing of nightlight data 

 

In this appendix, the detailed step by step introduction to the data processing of the nightlight 

imagery data of the continental USA in this thesis is drawn. The first section is a briefly 

introduction to this tutorial. The second section is the description of the data preprocessing. 

The third section introduces the method to extract the study area. The fourth section detailed 

explains the approach to realize the determination of the threshold value. The fifth section is 

the tutorial for the vectorization of the raster data. The final section describes the calculation 

of the areas of the extracted cities. 

 

Introduction 

This tutorial aims to provide a step by step guide for processing nighttime lights data. Two 

main steps are thresholding the nighttime lights data and vectorizing the reclassified nighttime 

lights data by using AcrGIS 10. A variety of methods to determine the threshold value were 

discussed in previous works. In this tutorial, as a new way to determine the threshold value 

for a nighttime lights data, the head/tail breaks is employed to complete the determination. In 

addition, vectorization is useful for converting the patches in the raster data into shapefile and 

computing the coverage of polygons under a suitable projection. 

 

In this tutorial, the nighttime lights data of Chicago in United States from year 2010 is taken 

as an example. To follow this tutorial, nightlight data can be downloaded from 

http://www.ngdc.noaa.gov/dmsp/downloadV4composites.html#AVSLCFC which is the 

website National Oceanic and Atmospheric Administration (NOAA) of National Geophysical 

Data Center. This nighttime lights data area cloud free and derived from U.S. Air Force 

Defense Meteorological Satellite Program (DMSP) Operational Linescan System (OLS). The 

range of the digital number values of the data is 0-63 and the resolution is approximately 1 

km. DMSP/OLS data has been widely used in urban studies since year 1992. The detailed 

information about data downloading and uncompressing will be introduced in the following 

parts of this tutorial. 

 

The tutorial is organized in six main steps: downloading and importing nighttime lights data 

into ArcGIS 10; selecting the study area which is Chicago; determining the appropriate 

threshold value for Chicago and reclassifying the image based on this threshold value; 

vectorizing the thresholded image; smoothing the boundaries of the polygons in shapefile and 

reducing the vertices of the polygons; calculating the coverage of the polygons. The coverage 

of the polygons is the final result which we need. 

 

(A short note of acknowledgement: This tutorial is developed as a part of my master thesis. I 

would like to appreciate Professor Bin Jiang for his guidance and suggestions in developing 

this tutorial. And the data used in this tutorial is contributed by NOAA.) 

 

 

http://www.ngdc.noaa.gov/dmsp/downloadV4composites.html#AVSLCFC
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Data preparation 

The data from the website is not suitable for directly using. Before the data processing, the 

data should be uncompressed in your own computer or laptop and re-projected in ArcGIS 10. 

 

1. Download the data from the website mentioned above. Choose the data of 2010 in the 

first table named Average Visible, Stable Lights & Could Free Coverages and save it in 

your own computer or laptop. 

2. After download completes, find the data named F182010.v4c_web.stable_lights.tif or 

similar one. Right click on the compressed file and click Open.  

 

3. Before uncompress the file, go to the Options and uncheck the ‘TAR’ in Miscellaneous 

from Configuration. After then the data is ready to be uncompressed.    

 

4. Start ArcGIS 10 and import the downloaded data. Click the button Add Data to add the 

data.  

 

 

5. Here the tif file is the only valid data. Choose the tif file and click button Add. Note: If it 

is failed, open the folder you save the tif data and drag the tif data into ArcGIS 10 

directly.  

 

 

6. Activate the Spatial Analyst in Extension by clicking Customize. In ArcToolbox, click 

Data Management Tools and Projections and Transformation. Double click Define 

Projection. 
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7. Choose tif layer of stable lights as Input Dataset or Feature Class. Open the Spatial 

Reference Properties (by clicking the button besides the Coordinate System) and then 

click Select… and open folder Geographic Coordinate Systems, choose NAD 1983.prj 

under folder North America, and then click Add. Click OK and OK. 

 

 
 

8. Click View and open Data Frame Properties. Click tab Coordinate System. Click folder 

Predefined and Projected Coordinate Systems. Click Continental and North America and 

choose North_America_Albers_Equal_Area_Conic. Then click OK. 

  

NOTE: Here choose North_America_Albers_Equal_Area_Conic in Projected Systems 

Coordinate is useful for calculating the coverage of polygons in the later step due to the 

Projected System Coordinate System is important for the calculation. If you do not follow the 

later steps, choose projection in Geographic Coordinate Systems is also acceptable. 

 

Study area extraction 

The downloaded nighttime lights data is a very large image of the whole world. Usually we 

only need a small part of it. In this tutorial, the area of Chicago in Untied States is selected as 

the study area. In this section, a method to extract the interesting area is introduced. 
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1. Open the Catalog in ArcGIS 10. Click button Folder Connections and then find the folder 

you want to work with in this tutorial. 

 

 

2. Right click the folder you are working with, choose the New and click the Shapefile. 

 

 

3. Type the name boundary and choose Polygon as Feature Type. 

 

4. Click button Edit to choose the coordinate system. Click the button Select… to open the 

browse for coordinate system. Double click the folder Geographic Coordinate Systems 

and open the folder World, choose WGS 1984.prj and click button Add. Click OK and OK 

to add boundary layer.  
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5. Activate the tif layer of stable lights. Use Zoom in, Zoom out and Pan tools to find the 

Chicago in Untied States. 

 

 

6. Click Start Editing in Editor Toolbar. If the Editor Toolbar is inactive, go to Customize, 

click Toolbars and activate the Editor Toolbar. Click Continue if the warning message 

comes out. 

 

 

7. Make sure the boundary layer is activated in Create Features window. If it is not, click 

Organize Templates, choose boundary layer and click New Templates, and then choose 

boundary layer and click Finish.  

 

 

 

 

8. Choose Rectangle in Construction Tools and draw a rectangle to cover the Chicago. Click 

Edit Vertices to adjust the rectangle if it is not satisfied. To finish the drawing, click Save 

Edits and then click Stop Editing. 
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9. In ArcToolbox, click Spatial Analyst and then click Extraction, double click Extract by 

Mask.  

   

 

10. Choose the tif layer of stable lights as Input raster and boundary layer as Input raster or 

feature mask data. Remember to change the name of output raster as Chicago and save it 

into the folder you are working with. Then click OK. 

   

 

Threshold determination and reclassification 

The range of the DMSP/OLS nighttime lights data is 0-63. The value 0 represents the darkest 

areas while the value 63 represents the brightest areas. There is an over-glow effect called 

“blooming” causes the overestimation of the spatial extension of urban areas in DMSP/OLS 

imagery data. Determine the appropriate threshold value is the best way to offset or reduce 

influence of blooming. In this section, a step by step explanation to determine the threshold 

value for Chicago by using head/tail breaks is drawn.  

1. Right click on the Chicago layer and open its attribute table. Click Table Options and 

Export…. Save the output table in your working file and named it as pixel_chicago.dbf. 

Click No if the message comes out to ask you to add the new table to the current map. 

 

2. Create a new Excel file and name it Temporary. Open Temporary and click Office button. 

Click Open and choose dBase as format. Find the pixel_chicago.dbf and click Open. 
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3. Create a new column beside column COUNT and name it VALUE*COUNT. The data of 

this column should be the products of VALUE and COUNT. And then calculate the sum of 

whole COUNT and the sum of whole VALUE*COUNT. 

    

 

4. Create 8 new columns and name them Value_pixel, Count_pixel, Value*Count_pixel, 

Mean, In head, In head %, In tail, In tail %. First of all, type 4-63 in the first row of 

Value_pixel. The pixels with value 0 are considered as background so they are not 

including the threshold calculation of urban areas. Copy the sum from row 3 to row 62 of 

COUNT into the first row of Count_pixel and the sum from row 3 to row 62 of 

VALUE*COUNT into the first row of Value*Count_pixel. Calculate the first mean value 

by the first sum of Value*Count_pixel dividing the first sum of Count_pixel. In this case, 

the first mean value should approximately equal to 20. In the In head part, calculate the 

sum of the data in COUNT which are not smaller than 20 by calculating the sum from 

row 19 to row 62 (check the figure in step 3). And then calculate the sum of the data in 

COUNT which are smaller than 20 by calculating the sum from row 3 to row 19 (check 

the figure in step 3). The percentage of head part should be 31% and percentage of tail 

part should be 69%.  

 

At second, the range of Value_pixel should be 20 to 63. Calculate the second sum of 

COUNT and second sum of VALUE*COUNT from row 19 to row 62 and type them into 

the second rows of Count_pixel and Value*Count_pixel. Calculate the second mean value 

by the second sum of Value*Count_pixel dividing the second sum of Count_pixel. Repeat 

the calculation above until the percentage of head part is approximately equal to the 

percentage of tail part while the former is still smaller than the latter. In this case, the 

value 41 is chosen to be the threshold value. And it can be seen that the last mean value 

56 is not suitable because the percentage of In head part is larger than In tail part. 

  

Table A1. The calculation of the mean values 

Value_pixel Count_pixel Value*Count_pixel Mean In head In head % In tail In tail % 

4-63 371621 7382918 19.86679 115470 31% 256151 69% 

20-63 115470 4727956 40.94532 54555 47% 60915 53% 

41-63 54555 3030980 55.55824 31652 58% 22903 42% 

 

5. Save the table and rename it as Chiacago_head_tail_break. 
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6. In ArcToolbox, click Spatial Analyst Tools and Reclass. Double click Reclassify. Choose 

Chicago layer as Input raster and VALUE as Reclass field. Click Classify…, choose other 

methods to activate the Classes. Change the number of classes as 2 and the methods as 

Manual. The first class should be 0-40 and the second should be 41-60. Therefore, change 

the first break value as 40 by clicking it and then click OK. (Note: The classification 

function of ArcGIS always counts the break values in the former group. To ensure the 

value 41 can be included in the second class, the break value should be 40.) 

1  

 
 

7. In the Reclassification, type 0 as New values for 0-40 and type 1 as New values for 40-63. 

Choose the folder you are working with as the Output raster and name this reclassed file 

as recla_chicago. And then click OK. 
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Vectorization 

In last section, the raster data is reclassified into two classes which is an essential step for 

vectorizing the raster data. The extension named ArcScan is used to realize the vectorization. 

Before the data processing in this part, a background of parameters of ArcScan is introduced. 

After vectorization, the coverage of polygons is able to be calculated. 

 

Vectorization parameters setting 

This introduction and explanation are summarized from ArcGIS 10 resource Help website 

http://help.arcgis.com/en/arcgisdesktop/10.0/help/index.html#/About_ArcScan_vectorization_setti

ngs/000w0000000n000000/, and this website is useful if you want more detailed information 

about vectorization. 

 

1. Intersection Solution is used to determine the way to generate the intersected features 

which have three or more intersections. ArcGIS provides three methods to realize this 

function: the Geometric is able to preserve the angles and straight lines of the features; 

the Median is useful for processing non-linear angles; the None is often used to process 

the features which are not intersected. The figures below from left to right show the 

results from Geometric, Median and None with same parameters but only different 

intersection solution. 

 
 

2. The Maximum Line Width setting is used to trace the raster whose width is equal to or 

smaller than the value of maximum line width. The minimum line width ensures that 

every features will be converted, while if you want to ignore some rough raster features, 

adjusting the line width is a selectable way. The figures below from left to right represent 

the results from 1 line width, 30 line width and 60 line width. 

 

 

3. The Compression Tolerance setting is used to reduce the vertices of the vectorized 

features. Be careful to change the compression tolerance because it makes the shape of 

vetorized feature is different from the original shape of the raster feature. Keep it as the 

default value will maintain the original shape if you do not have any specific 

requirements. 

 

http://help.arcgis.com/en/arcgisdesktop/10.0/help/index.html#/About_ArcScan_vectorization_settings/000w0000000n000000/
http://help.arcgis.com/en/arcgisdesktop/10.0/help/index.html#/About_ArcScan_vectorization_settings/000w0000000n000000/
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4. The Smoothing Weight setting is used to smooth the shapes of the vectorized features. 

The lines or the boundaries of the polygons will be smoother if the smoothing weight is 

set bigger. But as the same as the Compression Tolerance, the original shape of the feature 

will be changed if the tolerance is set too big. Keep it as the default value will maintain 

the original shape if you do not have any specific requirements. 

 

5. The Gap Closure Tolerance setting is used to vectorize the dashed features or connect the 

dashed features in poor quality raster data. Based on the tolerance you set, the spaces 

between features which are less or equal to the tolerance will be closed. 

 

6. The Fan Angle setting is used to vectorize the curved raster features. 

 

7. The Hole setting is used to ignore the hole in the raster features. Based on the tolerance 

you set, the hole which is less or equal to the tolerance will be processed as a part of the 

raster feature. 

 

Vectorization of the Chicago raster data 

In this section, the step by step explanation of vetorization in ArcGIS 10 is introduced. After 

that, the coverage of the polygons is able to be calculated. 

 

1. In Catalog, create two new shapefiles in the folder you are working with. Type line as 

Name and choose Polyline as Feature Type. Click Edit… and Seclect…, open the folder 

Geographic Coordinate Systems and choose NAD 1983.prj in the folder North America. 

Click OK and OK again. Create another shapefile, name it polygon and choose Polygon 

as Feature type. Choose NAD 1983.prj as Spatial Reference. Click OK and OK again. 

  

 

2. Clicking Cutomize and Extensions…, check the box of ArcScan. Then click Customize 

and Toolbars, check the box of ArcScan.  
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3. To activate the ArcScan toolbar, click Start Editing in Editor and click Continue. Make 

sure the polygon layer and line layer are activated in Create Features. 

 

4. Check the selection of Raster and make sure the recla_chicago is chosen. 

 

 

5. From the last section and above steps, it can be seen that the foreground color is blue and 

the background color of recla_chicago is black. Click Editor Raster Snapping Options in 

ArcScan toolbar. Make sure the foreground is value 1 (color blue) of the recla_chicago 

layer and the background is value 0 (color black). Then keep the other options as default 

settings and click OK. 

 

  

6. Click Vectorization and Vectorization Settings…in ArcScan. Type 1 as Maximum Line 

Width. Then keep the other options as default settings and click Apply and Close. Click 

Show Preview to see whether the settings are working. If the result is not satisfied, set the 

parameters again. Otherwise click Generating Features… to complete the vecorization.  
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7. Click Stop Editing in Editor and click Yes to save the polygons when the warning 

message shows.  

      

 

Coverage Calculation 

1. Open the attribute table of sim_poly2000 by right clicking it and choose Open Attribute 

Table. Click Add Field… in Table Options and name the new field Area. Choose Double 

as Type. Type 32 as Precision and 16 as Scale. And then click OK. 

  

 

2. Click the title of the field Area to select this whole field. Right click the title and choose 

Calculate Geometry… and then click Yes if the message with continue comes out. Choose 

Area as Property and make sure the PCS: North America Albert Equal Area Conic under 

Use coordinate system of the data frame is checked. Choose Square Kilometers [sq km] 

as Units and then click OK. 
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Appendix B: Intercalibrate the nighttime lights data 

 

In this appendix, the detailed step by step introduction to the intercalibration based on the 

second regression model of the nightlight imagery data of the continental USA in this thesis is 

drawn. The first section is a briefly introduction to this tutorial. The second section is the 

description of the preprocessing of intercalibration. The third section explained the calculation 

of the coefficients for the intercalibration. The last section introduces the reclassification of 

the nightlight image which is also the last step of the intercalibration.  

 

Introduction 

This tutorial aims to provide a step by step guide for intercalibration of the nighttime lights 

data. Two main steps are calculating the intercalibration coefficients by using Matlab and 

reclassifying the image based on the coefficients by using ArcGIS 10. The method in this 

tutorial is performed according to the intercalibration of the DMSP/OLS data developed by 

Elvidge, et al. (2009) which is a second order regression model. The coefficients of the 

second order regression model can be calculated in Matlab. To run the model successfully, 

first of all, the comparison of the sum of lit pixels (SOL) from all the years should be 

completed. From the comparison, the image which has the highest cumulative digital number 

(DN) value can be found. At second, the user should find the imagery data which has minimal 

changes across the time series and take into the full range of DN values, i.e. (0-63). This 

imagery data is the reference data. At third, the model of second regression as follow can be 

run: 

 

                 y = a * x2 + b * x + c,                  (1) 

where y is the reference data and x is the other imagery data, and the a, b, c are the 

coefficients. After the coefficients are figured out, the model as following can be performed to 

find the new DN values for calibrated image: 

 

DNcalibrated = a * DN2 + b * DN + c,           (2) 

Where DNcalibrated is the new intercalibrated value and DN is the original DN value of the 

image. 

 

After the new DN values are calculated, the old DN values should be converted into new 

corresponding intercalibrated DN values the Lookup function in ArcGIS 10 is available to 

reclassify the image according to the intercalibrated DN values. Using this function, the new 

intercalibrated DN values are easily to replace the old DN values of the image. In this tutorial, 

the original DMSP/OLS nighttime lights dataset were clipped and only the main land of 

United State of America (USA) were used. All the images from all the years were 

downloaded and clipped. Compared the SOL of all the images, the F152005 has maximum 

SOL. All the images from different years and satellites of USA were cropped to achieve the 

48 different sates of all years and satellites. Compared the lit pixels of all the cropped images, 

the Connecticut state has the minimal changes. But it didn’t take into the full range of DN 
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values. Thus, the city Boston and north of Nantucket island from F152005 were merged with 

the Connecticut states from F152005 together to be the reference data. 

 

Data preparation 

This section is an introduction to extract values from raster image for calculating the 

coefficients. The cropped image of Connecticut State (connecticut.tiff), Boston city 

(boston.tiff) and Nantucket island (island.tiff) from F152005 are prepared before start this 

section, as well as the shapfiles of the boundaries of these three places. And in this tutorial, 

the cropped images from F152005 will be used as reference data and the USA image from 

F141997 will be used as calibrated data. 

 

9. Start ArcGIS 10 and import the images of Connecticut which is named connecticut.tiff. 

Click the button Add Data to add the data.  

 

10. Click button Add Data to add the shapfile with boundary of the Connecticut State and 

name it as Connecticut.shp. 

 

11. Right click the Connecticut.tiff and click Properties… to open the Layer Properties. Click 

tab Source and copy the value of Cellsize (X, Y). Click OK to close the Layer Properties. 

   

 

12. In ArcToolbox, click Data Management Tools and Feature Class. Double click Create 

Fishnet. 

  

13. Choose the file you want to save and type name connect_fishnet as Output Feature Class. 

Choose connecticut.tiff as the Template Extent (optional). Paste the value you copied in 

step 3 into the Cell Size Width and Cell Size Height. Type 0 as Number of Rows and 

Number of Columns. Click OK to create the fishnet. 
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14. In ArcToolbox, click Analysis Tools and Overlay. Double click the Intersect. 

  
 

15. Choose Connecticut.shp and connect_fishnet_label as Input Features, choose the file you 

want to save the result and name it connect_points as Output Feature Class. Choose 

POINTS as Output Type (optional). Click OK to run the interaction process. 

 

 

16. Uncheck the other layers and keep only the connecticut.tiff and connect_points. Zoom in 

and check the edges to see if there is any point locating outside the connecticut.tiff. If 

there is no point locating outside the tiff file, then skip step 9. If there is point locating 

outside the tiff file, the step 9 should be followed. 

 

17. Click Start Editing from Editor. Make sure the connect_points is activated in Create 

Features. Find the outside points and click them and then push the Delete button on the 

keyboard to delete these points. Open the attribute table of connect_points to check the 
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number of points. Zoom in and check if there is any pixel has no point on it. If there is, 

draw a point on it. Click Stop Editing and click Yes in the warning message. 

 

 

 

18. Repeat the same process of Boston.tiff and island.tiff to achieve the valued points from 

these two places. 

 

19. In ArcToolbox, click Data Management Tools and General. Double click Merge. 

  

 

20. Choose connect_points.shp, boston_points.shp and island_points.shp as Input Datasets 

and choose the file you want to save the result and name it as reference_points. 

 

 

21. In ArcToolbox, click Spatial Analyst Tools and Extract. Double click Extract Values to 

Points. 
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22. Choose connect_points as Input point features and connecticut.tiff as Input raster. Choose 

the file you want to save the result and name it as f15_2005points. Click OK. 

 

 

23. Right click on the f15_2005points.shp and click Open Attribute Table. Click Table 

Options and Export… to export the table. Save it in the file you want and name it as 

reference_points. 

 

 

24. Add the USA image from F141997 and repeat the steps 13 to 15 to achieve the valued 

points. Remember to set the image from F141007 as Input raster in steps 14 and save it as 

other name you like. Save the values from RASTERVALU column from the tables of 

both years as txt files. 

 

Coefficients calculation 

In this part, the steps of the calculation of the three coefficients will be introduced. The software 

used in this part is Matlab. 

 

1. Open the txt files from last part. Delete the first line in each file and save. 

 

 

2. Open Matlab and click Browse for folder button to find the folder you save the txt files. Make 

sure all the txt files are saved in one file. 
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3. In the command window, type in following code and press Enter on the keyboard. 

 

 

4. In the command window, type the y=importdata(‘2005f15.txt’) and press Enter on the 

keyboard. 

 

5. In the command window, type in following code and press Enter on the keyboard. The 

coefficients are calculated. The equation (1) can be set as: y = - 0.001 * x
2
 + 1.0569 * x – 

0.7606. 

 

6. Create a new column in Excel and name it as 1997_f14. Type in the values from 0 to 63. 

     

 

7. Calculate the new DN values based on the coefficients. 
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Reclassification 

In this part, the reclassification based on the new DN values will be introduced. 

 

1. Add USA image of F141997 into ArcGIS 10. Right click on the image and click Open 

Attribute Table. 

  

 

2. Click Table Options and Add Field…, type New_value as Name, choose Short Integer as 

Type and click OK. 

    

 

3. Click Star Editing… in Editor and then type the new DN values in the table. Click Stop 

Editing in Editor and Yes in the warning message. 

 

 

 

4. In ArcToolbox, click Spatial Analyst Tools and Reclass. Double click Lookup. 
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5. Choose the USA image from F141997 as Input raster and NEW_VALUE as Lookup field. 

Save the result in the file you want and name it as you like. 

 

 

6. Right click on the image and click the Properties… to open the Layer Properties. Click 

Symbology and click the Stretched to change the representation of the image. 
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Appendix C: Introduction to the extracted natural cities 

 

The importance and availability of use of Defense Meteorological Satellite Program of 

Operational Linescan System (DMSP/OLS) data to analyze the population, human 

settlements and energy consumption have been emphasized in many studies. In this project, 

the natural cities of the continental USA from year 1992 to year 2010 were obtained. This 

appendix is an introduction to the extracted natural cities of continental USA. This 

introduction is composed of five sections. The first section of this introduction is the 

background of the nightlight imagery data such as its attribute, characteristics and so on. The 

second section introduces the source of the nightlight imagery data including its downloading 

link. The brief introduction and the explanation of the process of the nightlight imagery data 

to achieve the natural cities are drawn in the third section. The final section is a brief 

description of the dataset of natural cities in this project. 

 

Introduction 

The DMSP is the meteorological program of the U. S. Air Force Department of Defense and 

since 1970s, the DMSP has operated satellite sensors which is capable of monitoring the 

emissions of visible and near-infrared (VNIR) from human settlements at night (Elvidge, et al. 

1997). It was designed to observe the clouds illuminated by moonlight and to detect the light 

source of Earth’s surface. The OLS is an oscillating scan radiometer which produced images 

with a swath width of 3000 km first flew on DMSP 5D-1 satellite F-1 in 1976 (Elvidge, et al., 

1999). The DMSP/OLS has a unique ability to collect low light imagery data of the surface of 

the Earth which has ground sample distance of 2.7 km and the OLS has two spectral bands 

including the visible and thermal infrared. On the one hand, the visible bandpass includes the 

visible and VNIR covering 0.4 to 1.1 μm which has 6-bit quantization and the digital number 

(DN) value of it is ranging from 0 to 63. On the other hand, the thermal infrared bandpass 

covering 10.5 to 12.6 μm which has 8-bit quantization and the DN value of it is ranging from 

0 to 255 (Doll, 2008; Elvidge, et al., 1999). 

 

The brightness of the lit pixels of the nightlight imagery data is correlated with various kinds 

of lights of the Earth’s surface. The usability of the nightlight imagery data to analyze the 

issues of the human settlements or the human activities has been demonstrated in many 

previous researches and studies at both the global scale and regional scale, such as the 

dynamics of the urbanization, growth of the population in the cities, growth of the gross 

domestic product, changes of the urban areas in a time period, and the energy consumption. 

The DMSP/OLS imagery data of the global nighttime light have been established since year 

1992. There are three kinds of DMSP/OLS imagery data including in the dataset which are 

the product of stable lights, product of the radiance calibrated data and the product of average 

DN (Doll 2008). The author illustrated the background, characteristics, advantages, 

disadvantages and attributes of all the three kinds of the DMSP/OLS products. The 

differences between the three products and the appropriate field of use of the three products 

were also described and explained. In this project, the product of stable lights was chosen to 
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be used. The stable lights imagery data is useful and suitable for identifying and 

differentiating the various types of lights on the surface of the Earth, like the lights from the 

human settlements and the shipping fleets.  

 

The nightlight imagery data is unique in the domain of the remote sensing (RS) data source. 

The attributes and characteristics of the RS data are useful for monitoring the land use and 

land cover changes on the surface of the Earth. As a special type of RS data, the DMSO/OLS 

dataset provides a different view of the surface of the Earth and diverse data source of related 

researches and studies from other kinds of RS data. The brightness and spatial patterns of 

lights in the night make it possible to achieve the representation of the human activities in a 

wide range. The nightlight imagery data offers a universal and available satellite data source 

of the Earth’s surface at night for the scientists who is interesting in the nightlight imagery 

data to analyze the urban area or other related issues of the population and the economy (Doll, 

2008). The urban area is the concentration of the people and the economic activities in the 

human environment. 

 

In addition, the final result of this project is a group of the files which are comprised of the 

shapfiles of the natural cities of continental USA. The major software used in this project to 

achieve the final results is ArcGIS 10. And the functions of other software like Matlab or 

SPSS are optional. The Untied States of America (USA) consist of 50 states and District of 

Columbia. It is located in the central North America. USA is bordered by Canada in the north, 

reaching south to Mexico and the Gulf of Mexico, faces the Atlantic Ocean on the east and 

the Pacific Ocean on the east. In this project, the continental USA is chosen to be the study 

area. Therefore, the areas which are not included in the continental USA are not involved in 

any processes or results of this project. In addition, due to the water areas of the inside USA 

are included in the data, the coverage areas of Great Lakes are also contained in this thesis to 

be fair. 

 

Data source 

As mentioned above, the original dataset used in this project is the DMSP/OLS dataset. This 

NTL dataset of version 4 DMSP/OLS can be directly downloaded from the National Oceanic 

and Atmospheric Administration (NOAA) of the National Geophysical Data Center website 

http://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html. The range of the DN of this 

dataset is 0 to 63. The background and non-lit area are represented as value 0 while the 

brightest area is represented as value 63 of the nightlight imagery data. The resolution of the 

nightlight imagery data is 30 arc-seconds (approximately 1 km at the equator). The whole 

dataset contains a set of annual composites for each satellite which collected the nightlight 

imagery data from year 1992 to year 2010 is shown in Table 1. All the satellites are 

designated with the flight numbers, for example, the F10 means the number of the satellite of 

the DMSP/OLS is 10. Each satellite has limited service life, thus, the satellite will be no 

longer able to achieve the nightlight imagery data eventually as time goes on. And when the 

degradation of the satellite is gradual enough, to ensure the continuity of the dataset, other 

satellite should be employed to collect the nightlight imagery data (Elvidge, et al., 2009). 

Therefore, most of the datasets from one year were produced by two different satellites. In 

http://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html
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addition, the ephemeral lights of the stable lights data like the forest fires or other unstable 

lights were removed or depressed already. 

 

Table 1. The stable lights products from six different satellites which span nineteen years 

Year Satellite 

1992 F10 
     

1993 F10 
     

1994 F10 F12 
    

1995 
 

F12 
    

1996 
 

F12 
    

1997 
 

F12 F14 
   

1998 
 

F12 F14 
   

1999 
 

F12 F14 
   

2000 
  

F14 F15 
  

2001 
  

F14 F15 
  

2002 
  

F14 F15 
  

2003 
  

F14 F15 
  

2004 
   

F15 F16 
 

2005 
   

F15 F16 
 

2006 
   

F15 F16 
 

2007 
   

F15 F16 
 

2008 
    

F16 
 

2009 
    

F16 
 

2010 
     

F18 

 

Data processing 

The original nightlight imagery data contains the whole world but only the continental USA is 

required in this project. Therefore, before any further processes of the data, the continental 

USA is extracted from the whole dataset in ArcGIS 10. The second important step of data 

processing is intercalibration. The intercalibration is necessary due to the OLS has no on 

board calibration for the visible band of nightlight imagery data (Elvidge, et al., 2009). The 

current approach is developed by Elvidge, et al. (2009) which is to identify the most stable 

data in the dataset and adjust the rest of the data in the dataset to match the most stable one. 

Another important step in this project is the determination of the threshold. There is an 

over-glow effect called “blooming” causes the overestimation of the spatial extension of 

urban areas in DMSP/OLS imagery data. The way to realize the determination of the 

threshold value is the head/tail breaks classification. The DN values of all the images were 

classified by the head/tail breaks classification. There were two or three candidate values for 

one image after the process of head/tail breaks classification. The mean values of all the 

candidate values were also calculated. After the comparison of the mean values, it is not 

difficult to find that the second mean value is the optimal threshold value. 
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The natural cities were achieved based on the major processes above. But these data were 

stored as the raster format which is difficult to perform the statistical analysis. These raster 

data were converted into the vector data by the vectorization in ArcGIS 10. Therefore, the 

final dataset of this project represents the annual natural cities of continental USA with 

different satellites which is saved as the shapefile. Besides, the areas of all the polygons on 

the maps were also calculated in square kilometers. The detailed step by step tutorials of the 

whole data processing can be found in Appendix A and Appendix B. In addition, the dataset 

of the natural cities without intercalibration was also produced. The processes of this dataset 

are similar to the intercalibrated dataset but without the steps of intercalibration and the 

calculation of the final mean value in the process of head/tail breaks classification. Thus, there 

is no individual threshold value can be used for all the images. All the images have their own 

threshold values. 

 

Data description (natural cities) 

The download address of the data archive of the extracted natural cities of this thesis is 

https://sites.google.com/site/dataarchiveofnaturalcities. As aforementioned, the final 

three datasets of this project are stored in the vector format and saved as the shapefile with the 

projection North America Albers Equal Area Conic. In the first dataset named natural_cities, 

there are 31 flies which contain 62 maps of the natural cities of continental USA and two 

ArcMaps saved in mxd file which are named as natural_cities_usa and natural_cities_usa_2. 

Each file is designated with the years and satellite, such as 1992_F10. There are two data 

included in each file which are the data after intercalibration named by the year and satellite, 

such as the1992_F10_after and the data without intercalibration named by the year and 

satellite, such as the 1992_F10_before. In the attribute table of every data, the ID of the 

feature, the type of the feature and the areas of each feature in square kilometer can be seen in 

different columns. The first mxd map represents all the 62 maps of natural cities in a same 

layer. The second mxd map also represents all the 62 maps of natural cities, but the maps are 

stored in different layer frames which are named as the corresponding years and satellites of 

the natural city maps, such as the 1992_F10 and 2010_F18. 

 

The second file of final dataset is named as natural_cities_calibration and the third file of 

final dataset is named as natural_cities_no_calibration. These files are different from the first 

file. Only 31 maps of natural cities and one mxd map are contained in each file. In the second 

file, the natural city maps are produced based on the images after intercalibration. The name 

of each natural city map is as same as the natural city map from the first file of dataset, such 

as the 1992_F10_after. The mxd map represents the natural cities maps in one layer frame. In 

the third file of dataset, the natural cities are produced based on the images without 

intercalibration. The names of all the natural city maps are as same as the names from the first 

file of dataset. The mxd map represents the all natural city map in one layer frame, such as the 

1992_F10_before. In addition, each shapefile of the natural cities derived from each year and 

each satellite are also represented on the website. They can be downloaded individually. 

 

 

 

https://sites.google.com/site/dataarchiveofnaturalcities
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