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Abstract 
 

In recent decades, the night lights data of the Earth’s surface derived from the Defense 

Meteorological Satellite Program’s Operational Linescan System (DMSP/OLS) have 

been used to detect the human settlements and human activities, because the 

DMSP/OLS data is able to supply the information about the urban areas and 

non-urban areas on the Earth which means it is more suitable for urban studies than 

usual satellite imagery data. 

 

The urban development is closed linked to the human society development. Therefore, 

studies of urban development will help people to understand how the urban changed 

and predict the urban change. The aim of this study was to detect Beijing’s urban 

development from 1992 to 2012, and find the contributions to the urban sprawl from 

socio-economic factors. Based on this objective, the main dataset used in this thesis 

was night lights images derived from the DMSP/OLS which was detected from 1992 

to 2012. Due to the lacking of on-board calibration on OLS, and the over-glow of the 

lights resources, the information about the night lights cannot be extracted directly. 

Before any process, the night lights images should be calibrated. There is a method to 

calibrate the night light images which is called intercalibration. It is a second order 

regression model based method to find the related digital number values. Therefore, 

intercalibration was employed, and the threshold values were determined to extract 

urban areas in this study. Threshold value is useful for diffusing the over-glow effect, 

and finding the urban areas from the DMSP/OLS data. The methods to determine the 

threshold value in this thesis are empirical threshold method, sudden jump detection 

method, statistic data comparison method and k-mean clustering method. In addition, 

13 socio-economic factors which included gross domestic product, urban population, 

permanent population, total energy consumption and so on were used to build the 

regression model. The contributions from these factors to the sum of the Beijing’s 

lights were found based on modeling.  

 

The results of this thesis are positive. The intercalibration was successful and all the 

DMSP/OLS data used in this study were calibrated. And then, the appropriate 

threshold values to extract the urban areas were figured out. The achieved urban areas 

were compared to the satellite images and the result showed that the urban areas were 

useful. During the time certain factors used in this study, such as mobile phone users, 

possession of civil vehicles, GDP, three positively highest contributed to urban 

development were close to 23%, 8% and 9%, respectively. 

 

Key words: Beijing; DMSP/OLS; GIS; remote sensing; socio-economic factor
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1. Introduction 

1.1 Background 

 

Humans have more desire to explore the Earth’s surface thanks to all of the scientific 

and technological advancements and developments. In the history of social 

development, human settlement analysis and exploration never ceases. This is 

reasonable since humans live on Earth and almost all human activities occur on Earth. 

Thus, if Earth’s information can be learned in-depth, it’s vital to the development and 

protection human settlements. Meanwhile, achieving the development or urban areas 

requires attention from a variety or researchers.  

 

Obviously, changes and development of urban areas are important and are worthy 

research. This includes urban economic changes as well as physical environmental 

changes. Disciplines and science about the Earth’s surface and related technology 

have been created in response to time requirements, and proper moments and 

appropriate conditions. What’s more, geographic information system (GIS), global 

positioning system (GPS) and remote sensing are included. Currently, these three 

systems are referred to as 3S and they can support each other’s development and help 

each other solve problems if one system is unable to solve the problem alone. 

 

GIS is now widely used in many fields, like urban studies, natural resource hydrology, 

and so on. It is one of the most popular issues in different applications and disciplines. 

Hence, the definition of GIS is also well known in the world. In general, GIS is a 

computer-based technological system. Based on computer hardware and software, the 

GIS user can collect geospatial data of the Earth’s surface. GIS is able to extract, store, 

manage, analyze and display different kinds of geospatial data. In addition, GIS is a 

synthetic discipline that integrates a variety of sciences, such as geography, 

cartography, computer science and remote sensing. GIS is able to provide technology 

and theory to analyze geographic issues and to solve distinguished categories of 

geographic problems. . 

 

Compared to ordinary aerial photography, remote sensing is much wider. It was 

developed in the 1960s, and since its development, remote sensing has been widely 

used in various fields, such as meteorology, geology and environmental study and so 

on. Remote sensing technology uses satellite sensors to detect, monitor and recognize 

ground objects based on different reflections of spectrums between various 

geographic objects. In general, remote sensing refers to the sensors on the airplane, 

satellite or other aircraft that are used to collect geospatial data from geographic 

objects. The data is collected and extracted, and then this extracted information can be 

recorded, transported and analyzed to study and recognize ground features.  
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Remote senseing advantages are significant compared to other technologies that are 

used for geospatial data collection. First of all, remote sensing data coverage is wide, 

which provides for imagery data that is very useful for the analysis of Earth’s 

environments and resources. Secondly, data collection speed is fast, which means the 

user can obtain updated imagery as soon as possible. This is important to dynamic 

analysis of the Earth’s surface. Thirdly, data collection methods vary depending on 

various conditions of the ground objects. In particular, satellite sensors can obtain data 

based on ultraviolet or other spectrums. Hence, remote sensing data categories do not 

only include ground objects, but also underground features or under water. 

Additionally, satellite sensors can obtain data from objects for 24 hours because they 

can work all day long. Finally, when it comes to collecting remote sensing data, 

methodology is not limited. Remote sensing is not formidable for obtaining data from 

places of harsh natural conditions like perpendicular cliff walls that impossible to 

traverse or impossible to get to. However, satellite imagery data is able to cover these 

places. 

 

Obviously, the disadvantages of remote sensing cannot be ignored. Firstly, certain 

weather conditions, such as cloudy weather, limit the collection of remote sensing 

data. Clouds affect reflections between sensors and geographic features. Secondly, 

satellite imagery data information is complicated and vast. Furthermore, the 

pre-process to rectifying original remote sensing data is essential. In addition to this, 

methods for processing remote sensing data in order to extract needed information are 

complicated. Thus, related professional technology and specialists are required. 

 

A type of satellite imagery was developed to satisfy the need to detect urban areas, 

human settlements and other related studies. In recent years, the Defense 

Meteorological Satellite Program’s Operational Linescan System (DMSP/OLS) is 

used to collect night light data from urban areas, human settlements and fires and so 

on. Figure 1 displays the global image of night lights from the year 2012. On the 

contrary, in the beginning, the United States Air Force’s DMSP/OLS was designed 

and produced to collect the imagery data of global clouds. It was found that the 

DMSP/OLS is able to gather low light imagery data of the Earth’s surface.  

 

DMSP/OLS has two spectral bands: visible and near-infrared (VNI) band and thermal 

infrared band (TIR). The first band ranges from 0.4 μm to 1.1 μm, and the second 

band ranges from 10.5 μm to 12.6 μm. At night, the visible band’s signal is enhanced 

with a photomultiplier tube. The VNI band’s resolution is 6-bit and its grey scale is 

0-63. The remote sensing band’s resolution is 8-bit and its grey scale is 256 (Elvidge 

et al., 2009). Therefore, at night, the DMSP/OLS is uniquely capable of detecting and 

monitoring the Earth’s surface. DMSP/OLS has been in service since the 1970s and 

the latest data collected came from 2012. The width of swath of DMSP/OLS is 3,000 

kilometers.  For data collected, DMSP/OLS satellites are moved in polar orbits and, 

at the same time, each of them collects 14 orbits and obtains 4 sets of global coverage. 

The OLS has the capability of collecting a completed set of night imagery data of 
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global coverage twice a day (Elvidge et al., 1997a). 

 

 

Figure 1. The global night lights image of the year 2012. 

 

Although the initial objective of DMSP/OLS was to detect moon light clouds, 

researchers found that it was able to detect the night lights from cities, towns, fires, lit 

fishing boats and so on as well (Elvidge et al., 1997a). It was developed to analyze 

urban issues. For instance, changes in lit areas can be linked to urban expansion. Also, 

light brightness from DMSP/OLS imagery data can be used to analyze a city’s electric 

power consumption (Elvidge et al., 1997b). It also can be used as an important factor 

in the study of population distribution and growth in regards to gross domestic 

product (GDP) and other related urban studies. 

 

To urban studies, advantages and disadvantages of night light imagery data derived 

from DMSP/OLS are concluded. Compared to other kinds of satellite images, such as 

those that come from Landsat, it is evident that night light imagery data enjoys the 

advantage of global coverage. In addition to this, lit data makes it easier to distinguish 

image since DMSP/OLS merely measures human activities (Elvidge et al., 2009).    

Certainly, there are also some drawbacks. First of all, the spatial resolution of night 

light imagery data is approximately 1 km. This is extremely low whereas Landsat’s 

resolution can reach up to 15 m. Secondly, it always overestimates lit areas due to the 

“blooming” effect that will be introduced in detail during this study. Finally, since 

OLS sensors lack on-board calibration, DMSP/OLS imagery data may include some 

possible errors. 
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1.2 Objectives 

 

The studies of the human activities and human settlements are necessary to the human 

development which can be linked to the urban development is very important. Due to 

the DMSP/OLS can divide the surface of the Earth into urban areas and non-urban 

areas, it is widely used to detect the urban sprawl. The obtained data of urban areas 

from the DMSP/OLS data are often used combine with other kinds of data like 

satellite images and statistic data to run more complicated analysis, such as the 

relationship between the population and urban development and so on.  

 

As mentioned above, to analyze such issues like urbanization, data of urban areas are 

very necessary. The urban areas data derived from the DMS/OLS data are very 

popular and widely used. Thus, the overall aim of this study is to use nighttime light 

data derived from DMSP/OLS to detect the urban areas of Beijing, and then analyze 

the urban sprawl and the driving forces of urbanization in Beijing based on the 

statistic data. To get a better understanding of the urban sprawl and the development 

of Beijing, the factors of social-economic are very useful. Because the urbanization of 

a city is very closed to the factors of social-economics, such as the GDP and 

possessions of civil vehicles. Through the analysis of relationships between the 

social-economic factors and the urban changes, the influential social-economics can 

be found. Then, how this city developed can be understood well, and this is useful for 

understanding the urbanization of Beijing. Hence, social-economic factors were 

employed to analyze the driving forces of urbanization in Beijing from 1992 to 2012.  



2. Literature review 

2.1 DMSP/OLS data 

 

In this section, the information about the DMSP/OLS data is introduced, such as the 

characteristics of different DMSP/OLS data and the spatial resolution of DMSP/OLS 

data. As mentioned before, night lights data was derived from the DMSP/OLS which 

was designed to collect the global clouds data, but its capability to detect the urban 

areas were found by the researchers very soon. The most remarkable characteristics of 

this DMSP/OLS satellite is that it can be acquired in the night, which means the 

shadows won’t affect the quality of night images. Besides, the other mentionable 

characteristics of this satellite is that it is able to detect the night lights from the cities 

which means the urban areas and countries can be distinguished (Elvidge et al., 1999). 

Night light data of DMSP/OLS can be freely downloaded from the National Oceanic 

and Atmospheric Administration’s (NOAA) website that is introduced in a later 

chapter. Users of this website can obtain DMSP/OLS data quickly and conveniently. 

Annual composites of night light data for all the satellites that are F10, F12, F14, F15, 

F16 and F18 are captured and provide information from lit sources on the Earth’s 

surface from 1992 to 2012, and of course all the satellites carries the OLS sensors (see 

Table 1). It can be seen that 2012 data is the newest. All data is represented as a 

satellite number and the year the data is collected. For instance, the newest data is 

presented as F182012.  

 

Table 1. DMSP/OLS Nighttime lights time series of 1992-2012. 

 F10 F12 F14 F15 F16 F18 

1992 F101992      

1993 F101993      

1994 F101994 F121994     

1995  F121995     

1996  F121996     

1997  F121997 F141997    

1998  F121998 F141998    

1999  F121999 F141999    

2000   F142000 F152000   

2001   F142001 F152001   

2002   F142002 F152002   

2003   F142003 F152003   

2004    F152004 F162004  

2005    F152005 F162005  

2006    F152006 F162006  

2007    F152007 F162007  

2008     F162008  
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2009     F162009  

2010      F182010 

2011      F182011 

2012      F182012 

 

As mentioned above, the DMSP/OLS can provide imagery data of the Earth’s surface 

at night. Its spatial resolution is approximately 1 km at the equator and consists of are 

two spectral bands, the VIN band and the TI band. On the one hand, the VIN band has 

6-bit quantization and has a digital number (DN) range of 0-63. On the other hand, the 

quantization of the TI band is 8-bit and the DN value range of it is 0-256 (Elvidge et 

al., 1999). 

 

There are two kinds of important DMSP/OLS data that are widely and frequently used 

in urban studies as well as other related works. These two kinds include radiance 

calibrated data and stable lights data, which are very diverse. What’s more, their 

applications are very well distinguished. Different from stable lights, radiance 

calibrated data can provide informational brightness to its users. Conversely, based on 

radiance calibrated data, researchers can convert pixel values to observe radiances 

(Elvidge et al., 1999). Equation 1 demonstrates the formula to achieve radiances from 

radiance calibrated data:  

 

Radiance = DN3/2 × 10-10 W/cm2/sr/μm         (1) 

 

Stable light imagery data lacks informational brightness compared to radiance 

calibrated data. Unfortunately, for conducting urban studies, stable light imagery data 

is more popular than radiance calibrated data. Stable light data is able to represent 

permanently lit sources on the Earth’s surface at night. For example, lit urban areas 

and human settlements can be shown as stable light imagery data. In addition, flaring 

gas in addition to strong emissions from fishing boats can also be observed as stable 

light data (Elvidge, 2009). This means that unstable light sources and temporal lights 

are eliminated in stable light imagery data. Therefore, stable light imagery data is very 

important for urban studies that are related to changes in a city’s boundaries. 

 

2.2 DMSP/OLS data related work 

 

It is well known that the night lights imagery data derived from DMSP/OLS is able to 

detect lit areas, such as human settlements on the surface of the Earth in the night 

since 1970s (Elvidge et al., 1997b; Elvidge et al., 1997c; Sutton et al., 1997). As 

previously mentioned, DMSP/OLS data was originally used to monitor cloud 

illumination. Nevertheless, it has been widely used at night to capture light sources on 

the Earth’s surface for decades. Even though the resolution of DMSP/OLS data is low, 

and includes two inherent errors, it is still very useful for urban studies or other 

related research. This includes population distribution, human activity detection, 

power consumption evaluation and city boundary derivation. 
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Copious amounts of previous works of urban studies that were based on night light 

data derived from DMSP/OLS have proven that the relationship between changes in 

lit areas and changes in urban areas is worth studying. Also, there are special links 

between these factors and others, such as a city’s GDP (Elvidge et al., 1997c). For 

example, a city’s economy is developed, theoretically, its scale expands with its 

development. In addition to this, a city’s population grows, while its energy 

consumption increases at the same time.  

 

Welch (1980) is regarded as the first person to conduct case study by using night light 

data from the USA’s DMSP/OLS to build a relationship model between population, 

urban areas and energy consumption. In this paper, 18 cities from the eastern part of 

the USA were chosen to be analyzed as dataset samples. The regression model was 

built, and the result represented that both country and region used DMSP/OLS data to 

detect the energy consumption.  

 

As aforementioned, night light imagery data derived from DMSP/OLS can be used to 

detect energy consumption. Energy consumption is the most widespread issue of 

urban studies. Majority of the time, it is studied related to the development of a city’s 

economy. In other words, a change in energy consumption is able to reflect urban a 

utilization processes and economic developments. In Chand’s et al. (2009) study, 

stable light datasets were used to detect changes, which refer to spatial and temporal 

changes in electricity consumption patterns in India from 1993 to 2002. In order to 

achieve the research aim, information derived from stable light data was integrated 

with demographic data. The results exhibited population and electric power 

consumption increases in India’s major cities whereas a few areas saw decreased 

consumption.  

 

Elvidge et al. (1997c) used 21 countries, which included the USA, as research objects 

and used night light information from DMSP/OLS as datasets. This was done in order 

to build the log-log model between regional lights, GDP, population and electrical 

power consumption. It was also conducted in terms to find the relationships between 

these factors. The result described that, all the countries analyzed in this paper have a 

correlation between lit areas, GDP and electric power consumption that was very high. 

Nonetheless, the relationship between lit areas and population had some outliers. The 

result demonstrated that, to realize related urban studies, night light imagery data from 

DMSP/OLS can be combined with economic factors.  

 

In addition, night light imagery data derived from DMSP/OLS is also useful for 

detecting human settlement emissions on the Earth’s surface at night. Elvidge et al. 

(1997b) used this kind of data to precisely detect and geolocate night lights from cities, 

towns or other kinds of areas for human gatherings like industrial areas. And, in this 

paper, the stable emissions from human settlements of USA were presented in several 

maps with coastlines, state boundaries and main roads and so on of this country. 
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Letu et al. (2014) created regression model by electric power and DMSP/OLS 

nighttime light data to estimate the relationship between electric power and CO2 

emissions. They found the key parameters (K%) for the regression model in the first 

step. The results indicated that the nighttime light can supply accurate estimates. 

 

In general, Sutton et al. (1997) used the USA’s DMSP/OLS data and population 

distribution raster data to study the correlation between these two kinds of data types. 

In addition to this, Sutton et al. (1997) used DMSP/OLS data and statistic data to 

build an attenuation model of city population distribution and analyzed the correlation 

between night light data and population distribution. Imhoff et al. (2000) chose 7 

major cities, and studied their urbanization influence in regards to primary vegetation 

productivity in the USA. This study was based on night light data and 

NOAA/AVHRR. Results were calculated, over time, based on the accumulation of the 

normalized difference vegetation index during vegetation’s primary productivity 

period. It pointed out that the USA’s urbanization decreased the primary productivity 

of vegetation. Liu et al. (2012) developed the systematic steps that include 

intercalibration, intra-annual composition and series correction to eliminate errors. 

Finally, night data was combined with ancillary data to extract the urban from 

1992-2008. 

 

Bennie et al. (2014) linked between human economic activity, population and the 

nighttime light data to analysis light pollution trends in two periods. The paper 

calculated the number of calibrated DN value in Europe country between 1995-2000 

and 2005-2010. And it found that the DN value effective reflected the light pollution 

phenomenon. Yi et al. (2014) analyzed and evaluated the urban sprawl and the 

expansion rate by using urban light index from DMSP/OLS data in 1992-2010, the 

Northeast China as a case study. The result showed that the DMSP/OLS data was 

effective for extracting urban information, the urban light truly represented the 

characteristics of urbanization, also found the strong correlation between urban light 

index and urban build-up area(R2=0.83). 

 

Lo’s (2001) main dataset is radiance calibrated night light intensity data, which was 

also used as fundamental data. The author divided night light data into six levels, and 

extracted the coverage and average pixel value of each level. Therefore, night light 

coverage, night light volume, average pixel value and night light intensity were used 

to build an automatic growth model and linear attenuation model. Additionally, they 

were used to estimate the mean population density in different scales. At last, Wang, 

Cheng & Zhang (2012) combined the DMSP/OLS data and 17 socio-economy factors 

to build an integrated poverty index model. 31 regions were evaluated in this paper, 

and its results demonstrated that DMSP/OLS data was able to help researchers to 

analyze poverty-related issues. 

 

In summary, based on previous studies mentioned above as well as other related 

works from other researchers, research regarding DMSP/OLS data can be concluded 
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in five categories: electric power consumption, human activities, economic 

development, urban spatial information and the urbanization’s influence on the natural 

environment. Finally, previous works also proved that DMSP/OLS data has the 

capability to reflect the characteristics of the study areas.  



3. Study area and data description 

The research study area is introduced and described in this chapter. The geographic 

position in addition to the socio-economic development status is simply introduced. In 

addition to this, the data used in this study is also mentioned. 

3.1 Study area 

 

Beijing is situated at the northern end of the North China Plain. The city’s south east 

region is connected with Tianjin, and the remaining region is surrounded by the Hebei 

Province (see Figure 2). Beijing is also adjacent to the Bohai Gulf, Liaodong 

Peninsula and Shandong Peninsula. Finally, Beijing consists of 14 districts, including 

Dongcheng District, Chaoyang District, Haidian District, Fangshan District and 

Daxing District and 2 counties, Miyun County and Yanqing County. 

 

 

Figure 2. The geographical position of Beijing. 

 

In recent decades, Beijing’s GDP per capita has been catching up to affluent cities, 

according to the GDP growth ranking, Beijing has reached the top in China’s 

comprehensive economic strength. Without a doubt, as China’s capital city, Beijing 

has political leadership positions and economic leadership positions. To sum up, 

Beijing’s development is worth studying and monitoring. 

 

3.2 Data description 

 

As introduced before, DMSP/OLS data is also called night light data and it can be 
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used to study urban area development. DMSP/OLS data is distinguished from other 

kinds of satellite imagery data. DMSP’s sensor is different from a Landsat’s sensor, 

collects the characteristics of geographic objects based on the reflection between 

objects and sunshine. However, it can also at nighttime. Therefore, the DMSP sensor 

is able to collect light data from urban areas, human settlements and traffic flow. At 

the same time, countries with few or no lights at night can be clearly differentiated 

from urban areas with strong lights at night. 

 

The DMSP/OLS data is published online and it can be freely downloaded. The 

imagery data used in this study was downloaded from the National Geophysical Data 

Center’s (NOAA) website. There are six DMSP/OLS satellites: F10, F12, F14, F15, 

F16 and F18. 

 

Table 1 shows that there can be more than one satellite working during the same year. 

It is not necessary to use all of them to detect Beijing’s urban construction areas from 

1992 to 2012. In order to obtain better results, data derived from the newest satellite 

was chosen for this study. For instance, two satellites F10 and F12 worked 

simultaneously during 1994. In this case, F121994 was chosen to be used to derive 

Beijing’s urban construction areas from 1994. Table 2 shows diverse datasets and 

satellites used in this thesis. 

 

Table 2. DMSP/OLS data chosen in this study. 

 

 F10 F12 F14 F15 F16 F18 

1992 F101992      

1993 F101993      

1994  F121994     

1995  F121995     

1996  F121996     

1997   F141997    

1998   F141998    

1999   F141999    

2000    F152000   

2001    F152001   

2002    F152002   

2003    F152003   

2004     F162004  

2005     F162005  

2006     F162006  

2007     F162007  

2008     F162008  

2009     F162009  

2010      F182010 

2011      F182011 

2012      F182012 
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The data is referenced by the satellite number and the year the data was gained. For 

instance, F121992 means the data came from satellite F12 from the year 1992. Figure 

3 presents China’s nighttime light imagery data and its capital city Beijing during the 

year 2012. 

 

 

 

Figure 3. Night lights data of China and Beijing of 2012. 

 

GlobeLand30 2010 dataset (Chen et al., 2014) was used as the reference maps to 

check the determination of non-urban and urban areas. It was obtained data from TM5, 

ETM+ and the multispectral images of China Environmental Disaster Alleviation 

Satellite (HJ-1) The resolution is 30 meters. The image includes 10 land cover types: 

cultivated land, forest, grassland, shrubland, wetland，water bodies, tundra, artificial 

surfaces, bareland, permanent snow and ice. They were provided by the National 

Geomatic Center of China (see Figure 4). 

 

 

Figure 4. Global Land cover map of 2010. 
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The statistical data is also used in this study to analyze Beijing’s urban development. 

The 13 statistical data used to explain socio-economic aspects from 1992 to 2012 was 

obtained from the National Bureau of Statistical of China and National Bureau of 

Statistical of Beijing. The more detailed parts from economy, population, energy, 

household, traffic, network, health care and personal status made up the 13 

socio-economic factors.



4. Methodology 

4.1 Calibration 

 

As previously mentioned, two possible errors exist in the DMSP/OLS dataset. The 

first is introduced in this chapter, while the second one is explained in a later chapter. 

First of all, since OLS lacks on-board calibration, there would be discrepancies in DN 

values of night light data from DMSP/OLS, at a global scale between two satellites 

from the same year. Clearly, the mean DN values of similar study areas and similar 

years, but using different satellites, will be different. Besides, without any on-board 

calibration, there would be abnormal fluctuations in DN values of night light imagery 

data from DMSP/OLS from two years. However, the same satellite would be used. 

For example, the mean DN value of lit areas from one year decreased compared to the 

mean DN value of lit areas from previous years when study areas and satellite were 

the same (Pandey et al., 2013).  

 

Elvidge et al. (2009) developed a method to calibrate the DMSP/OLS data which was 

based on the empirical process between all the dataset of night lights images at global 

scale. In general, this current proved method to realize the calibration of the 

DMSP/OLS data is to build the second regression models which can be shown as 

Equation 2 between the chosen reference data and the data need to be calibrated. 

 

DNnew = C1 * DN2 + C2 * DN + C3     (2) 

 

where DNnew is the calibrated DN values, while DNold is the original DN value, and 

C1 , C2 and C3 are the coefficients for each night lights images from DMSP/OLS. 

 

According Elvidge et al. (2009), it can be seen that there are two key steps to realizing 

the calibration process. For the sake of this study, the calibration process is referred to 

as calibration. Firstly, the reference data should have the highest cumulative sum of 

lights. Secondly, the reference area should include minimal changes during the time 

period and takes full range of 0-63. The authors found that, as reference data, the 

image F121999 was perfect to be used. After Elvidge plotted DN values from all 

candidate areas in scattergrams, it was found that Sicily was able to be used as a 

reference area. Elvidge et al. (2013) presented all the parameters of all night light 

imagery data from the DMSP/OLS from 1999 to 2012 with all satellites. After the 

intercalibration of DMSP/OLS data, the error caused by the lack of on-board 

calibration on OLS was offset.  

 

In this thesis, the detail steps of intercalibration all shown here. The first step of 

intercalibration is finding night light data with the highest cumulative DN values 

during the entire time series. This is because night light data information, with the 
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highest cumulative DN value, should be the largest. Table 1 from Appendix A clearly 

demonstrates, in different colors, Beijing’s cumulative DN values of each year, from 

different satellites from 1992 to 2012. Obviously, satellite F152002 had the highest 

cumulative DN values, and it was chosen to be used in this study. 

 

The second step is finding a reference area that experiences the least amount of 

changes during the entire time series.  This means this area should be Beijing’s most 

stable from 1992 to 2012. As aforementioned, Beijing has eight districts. The 

variances of the sum of lights from each district were calculated. The district with the 

smallest variance should be the most stable district from 1992 to 2012. In this thesis, 

the Daxing District was preliminary chosen as the reference area. Since the range of 

Daxing’s DN values was 6-63, which was not taken into the full range 0-63, an area 

besides the Daxing District was chosen as a supplement. And then, Daxing District, 

with the smallest changes and full range of DN values, was officially used as the 

reference area in this thesis. To sum up, the F152002 reference area was used to 

calibrate the remaining data in the dataset. As mentioned before, the second regression 

model that is expressed in Equation 2 is the intercalibration method for night light 

imagery data. This model was built between F152002’s reference area and the 

reference area from the remaining data.  

 

Even though there are limitations to DMSP/OLS data, it is one of the most useful and 

convenient types of data for detecting urban areas and human activities. Hence, it is 

widely used in a multitude of urban studies and related works. Methods for correcting 

errors and enhancing quality, despite being developed, continue to be developed in 

order to be more convenient. Finally, the majority of the methods confirmed 

numerous previous research and studies. A later chapter will introduce another 

DMSP/OLS imagery data error. 

 

4.2 Thresholding 

4.2.1 Background 

 

As mentioned above, two possible errors require fixing in DMSP/OLS data. The first 

was introduced in the previous chapter. In this chapter, the second error, which is 

called “blooming” or “over-glowing” is described. This effect can be briefly explained 

as lit areas detected by OLS sensors. They are larger than the actual extents of the 

associated areas, which indicate that the information is incorrect. In particular, non-lit 

areas will be shown as lit areas in night light data derived from the DMSP/OLS. To 

eliminate or at least depress the blooming effect, it is very useful to have an 

appropriate threshold value to divide lit areas and non-lit areas.  

 

Therefore, the threshold determination is very important in such urban studies. 

Additionally, copious amounts of previous studies have worked this out. Imhoff et al. 

(1997) tested observed continuous images of stable lights, and proposed a preliminary 
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hypothesis. The possibility that the detected lit pixels, with high ground frequencies 

should be urban areas was high. Also, the number of threshold values increased to 

extract related cities’ polygons, until fragments appeared in the cities’ polygons based 

on one candidate’s threshold value. What’s more, this threshold value should be used 

as a valid threshold value. Finally, the paper demonstrated that, the frequency of 89% 

was valid. The authors used the threshold value, and converted the lit areas into the 

urban areas. However, the USA’s urban spatial information was extracted. The 

difference between extracted urban areas, based on the relationship method and 

statistical data, was only 5%. 

 

Sutton et al. (2001) processed night light data from DMSP/OLS and population data 

from world cities. After contrastive analysis is conducted between these two kinds of 

datasets, threshold values were determined as 40%, 80% and 90%. In addition, 

authors extracted urban areas from low income regions, median income regions, some 

countries and special regions. Milesi et al. (2003) used the USA’s land cover dataset 

and population census as assistant data. After the analysis of states such as Alabama, 

Florida, Georgia and Mississippi and so on, 50 was considered as the best threshold 

value that made results reach a higher accuracy than others. 

 

Hendson et al. (2003) used 6% and 80% as threshold values for night light frequency 

images from DMSP/OLS. In addition to this, 1 and 20 were used as threshold values 

for radiance calibrated night light intensity data from DMSP/OLS. Several city 

boundaries, of diverse development levels, such as San Francisco, Beijing and Lhasa, 

were extracted. High resolution, Landsat TM images were used as standards to 

evaluate the accuracy of urban boundary extraction. The results represented that, both 

stable light data and radiance calibrated images derived from DMSP/OLS, were able 

to be used as valid data sources to analyze and monitor urban area coverage and 

urbanization situations. 

 

He et al. (2006) initially claimed that statistical data could be used as the foundation 

of analysis to extract China urban areas’ spatial information, from DMSP/OLS night 

light imagery data. This was caused because there was not enough spatial information 

contained in the statistical data of urban land coverage. The authors proposed that this 

was created by the fact that statistical data of land coverage was derived based on 

administrative division in China. Also, it was challenging to satisfy the need of the 

analysis of spatial pattern and change the urbanization process at a large scale. At the 

same time, the authors extracted information concerning urban patterns from Landsat 

TM satellite imagery data. Then, they compared the results with the achievements 

from the DMSP/OLS imagery data. The results proved that, combined with statistical 

data, night light imagery data from DMSP/OLS was useful for studying China’s urban 

areas. Besides, it was also profitable at reflecting actual urban development. 

Meanwhile, the authors also proved that results from the analysis based on this 

method were believable and practicable. 
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To extract spatial distribution raster data of urban constructed land in Jiangsu 

Province, Wang et al. (2010) used continuous non-radiance calibration of DMSP/OLS 

night light imagery data from 1993 to 2003. 8 was used in this paper as the threshold 

and it was chosen as the DN value of the best-fit pixel. Based on 5 common 

characteristic indices of extension forms from landscape ecology, spatial distribution 

analysis of Jiangsu Province’s urban constructed land extensions was performed. 

 

To sum up, according to all of the studies previously mentioned as well as other work 

related to DMSP/OLS data and urban studies, the method to determine the threshold 

can be divided into 3 groups. The first method, which can be referred to as empirical 

threshold method, uses empirical value to determine the threshold value. The second 

method, which can referred to as sudden jump detection method, detects the break 

value of edge value to find the threshold value. The third method, which can be 

referred to as statistic data comparison method, combines the statistical data with the 

DMSP/OLS data.  In this thesis, according to the comprehension and summary of 

related studies and works of threshold value determination, Beijing was chosen to as 

the study area. All three of the common methods, previously mentioned to find the 

threshold value, were used in this thesis for extracting the night light sum from urban 

areas. In addition, the K-means clustering method was also operated in this thesis to 

determine the appropriate threshold value. 

 

4.2.2 Threshold determination 

Empirical threshold method 

 

According to a summary of previous works of Sutton et al. (2001), Hendson et al. 

(2003) and Milesi et al. (2003), threshold values for various regions were calculated 

and 80% was chosen as the threshold value to extract Beijing’s urban areas from 1992 

to 2012.  

 

As aforementioned, this method is known as the empirical threshold method. At first, 

the maximum DN value of each year, from the year 1992 to 2012, was found and 

recorded. Then, based on the Equation 3, the optimal threshold value should be 

figured out: 

 

DNi = int [Max(DNX) * 80%]      (3) 

 

where X represents the range of DN values during the year 1992 to 2012, while DNi 

represents the optimal threshold value for the night lights imagery data in the time 

period. 

Sudden jump detection method 

 

The sudden jump detection method was proposed by Imhoff et al. (1997). Researchers 
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believed that an increase in urban area perimeters means an increase in number of 

fragments inside urban areas. The authors hypothesized this theory and tested it based 

on the USA’s data, and, subsequently, it was very useful for dividing urban areas and 

non-urban areas. 

 

Image segmentation refers to the decomposition of a scene into its components. 

Region-based segmentation based on the assumption, which is the adjacent pixels 

have homogeneity visual features such as grey level, color and texture (Ban and 

Jacob., 2013). It postulates that neighboring pixels within the same region have 

similar intensity values. The method is to group pixels with the similar value to one 

region according to a given homogeneity criterion. According to a theory proposed by 

Imhoff et al. (1997), in night light imagery data based on the hypothesis that urban 

area light information, is more stable than non-urban area light information. Urban 

areas should maintain the integrity of a geometrical shape. And, it can be seen that the 

higher the grey scale value, the higher the frequency of occurrence. Meanwhile, the 

possibility of a region being an urban area should be greater. Therefore, the perimeters 

of the regions should increase which merge pixels and split the image into regions. In 

the section 5.2.2, the Figure 6 displays the segmental appearances when the DN 

values are 47 and 48. 

Statistic data comparison method 

 

Based on the method developed by He et al. (2006), two hypothesis conditions should 

be put forward to insure result accuracy. At first, the government’s statistical data 

published needs to accurately reflect real areas of urban construction. At second, the 

achieved urban construction areas should be shown on the night light image of the 

next year. 

 

Statistical data comparison is basically a method that involves adjusting the entire 

range of a study area’s night lights, from the minimum value to the maximum value. 

Then, dynamic threshold value is set up and urban area construction is calculated 

based on every dynamic threshold value. At the same time, the absolute difference 

between the urban area construction, obtained from DMSP/OLS data, and urban area 

construction derived from statistical data, is calculated. This allows these two urban 

area constructions areas to gain from various data sources; this can be close to each 

other and during the same year. When the candidate threshold value makes the 

absolute difference smaller than the previous absolute difference of the previous grey 

scale value, this candidate threshold value is the optimal threshold value. This is also 

the case if the candidate threshold value makes the absolute difference smaller than 

the next absolute difference of the next grey scale value. The expressions are shown 

by Equation 4 Equation 5, Equation 6 and Equation 7: 

 

DNt = int[(DNmax-DNmin)/2]     (4) 
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DMSParea=       (5) 

 

where DNi means one grey scale value that smaller than DNt and DNmax, f(DNi) 

means the urban area of the region of DNi. 

 

Error (DNt) = DMSParea – Areax                  (6) 

 

|Error (DNt - 1)| ≥ |Error (DNt)| ≤ |Error (DNt + 1)|     (7) 

 

where x expresses the urban construction areas from 1992 to 2012 achieved from 

statistical yearbook, Error expresses the error produced by urban areas achieved based 

on the DN values and statistical urban areas. 

K-means clustering method 

 

Harvey (1969) said that, “Classification is, perhaps, the basic procedure by which we 

impose some sort of order and coherence upon the vast inflow of information from the 

real world.” Clearly, classification is crucial and useful for analyzing data that 

contains a lot of information. Out of all of the classifying methods, the clustering 

method is one of the most critical technologies of data mining.  

 

When it comes to analyzing data from a large dataset, the clustering method is very 

helpful and valid for finding useful information. As a function of data mining, the 

clustering method can be operated as an individual method to achieve data 

distribution. Then, all cluster characteristics can be observed, and further analysis of 

special clusters can be realized. In addition, as a branch of statistics and an 

unsupervised learning method, the clustering method provides an accurate and careful 

analysis method from a mathematical analysis aspect. . 

 

Generally speaking, the clustering method is very clear and simple and entails putting 

all homogeneous objects together. This method classifies unknown datasets into 

several groups, based on internal similarities. Grouping occurs to make ensure that 

group similarities are large while similarities between varied groups are small. The 

clustering method lacks any information for guiding the process. Instead, it is totally 

operated based on the dataset itself to classify the data. 

 

The most widespread clustering method is the k-means clustering method. The basic 

theory behind this method involves using the average values of all of the samples 

from all of the clusters as representative points. This method, through iterative process, 

is mainly meant to classify datasets into different classes, and to make the clustering 

performance of each sample to be optimal. Based on this method, every cluster is 

close to another, but all of them are individual (Smith et al., 2007). 

 

The k-means clustering method process can be summarized in four steps. In step one, 
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an original cluster center for each cluster is found, and then there are several original 

clustering centers that can be expressed by k. In step two, samples are grouped into 

the nearest cluster based on the minimum distance principle. In step three, the average 

value of each sample from the clusters is used to be new clustering centers. When 

comparing old and new clustering centers, these three steps should be repeated until 

the clustering centers are the same. The Equation 7 is used for k-means clustering 

method which can also be called as Euclidean distances: 

 

d(i,j) =   (8) 

 

where data sample i = (xi1, xi2,…,xip) and j = (xj1, xj2,…,xjp), the similarity between 

sample i and sample j is expressed by the distance d. The smaller the d, the bigger the 

similarity between sample i and sample j, and the smaller the difference between the 

two samples. On the contrary, the bigger the d, the smaller the similarity between 

sample i and sample j, and the bigger the difference between these two samples. 

 

You et al. (2014) used the k-means clustering method to classify samples of night 

light data and then conducted innovation performance into five classes. The 

relationship between stable light data and innovation performance were studied in this 

paper. Frolking et al. (2013) used the k-means clustering method to classify urban 

changes into five groups: slow (or no) growth, modest structural growth, rapidly 

growing urban center and so on. In this study, to realize the intercalibration of 

DMSP/OLS data, which will be explained in detail in a later chapter, the pixel values 

of stable light data from 1992 to 2012 were converted from raster to points. 

 

4.3 Modeling  

4.3.1 Principal component analysis 

 

Principal component analysis (PCA) is a fashionable data processing and 

dimension-reduction technique, with numerous applications in engineering, biology 

and social science (Wold 1987; Hotelling 1933; Jolliffe 2002). From the aspect of GIS, 

PCA is always used as the processing interpreter and analyzes remote sensing images 

(Byrne et al., 1980; Singh 1993). Facchinelli et al. (2001) collected varied metal 

sources in soils and used PCA analysis to identify three main factors. Wang et al. 

(2010) alluded to 17 socio-economic factors to compress four main factors in 

modeling from the previous section. 

 

PCA processing is a way of identifying data models and expressing data in such a way 

as to highlight data similarities and differences. Since data models can be difficult to 

uncover in high dimension data, where the mass of graphical representation is not 

available. Evidently, PCA is a powerful tool for analyzing data. Its main merit is 
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found in its ability to compress data and reduce dimensionality without much 

information loss in advance. This technique, as will be seen in a later section, was 

used in the compression of 18 socio-economic factors compression.  

4.3.2 Regression modeling 

 

Gujarati (1998) defined econometrics as economic measurement. Econometrics, 

which is used to describe numerical relationships between related economic variables, 

can be considered as social science combined statistical and mathematical methods in 

the field of economics (Goldberger 1964; Malinvaud 1970; Theil 1971; Gujarati 

1998). Monash University professors pointed out that econometrics is a series 

quantitative techniques that could be used to create economic decisions. However, 

making economic decisions is not limited to only economists.  

 

Gujarati (1998) and Harvey (1990) introduced a few econometric analysis processes. 

The first process involved declaring a case’s theory or hypothesis. The second process 

was concerned with finding specific econometric models to test a case’s theory or 

hypothesis. The third process included relating independent variables with dependent 

variables in order to run the model. The forth process, maybe for forecasting or 

predicting, was calculating or approving the relationship between the variables 

themselves as well as dependent variables. Finally, the last process involved using a 

model to control or provide policy suggestions. Based on modeling results, three 

factors, which were growth rate, elasticity and contribution rate, could explain a 

related phenomenon, discuss influence on factors and provide opinions for further 

analysis (Mongardini, 1998). 

 

To ensure that the regression model parameters have beneficial statistical properties, 

the autocorrelation and heteroscedasticity tests are prerequisites. If they both exist in 

the model, the model must be revised. More specifically, autocorrelation refers to 

serial correlation of time series between its parameters, one or more lags apart. 

Alternative terms for this process include lagged correlation and persistence. 

Heteroscedasticity often occurs during cross-sectional data analysis. It describes an 

error term’s situation, like “noise” or random disturbances in the relationship between 

independent variables and dependent variables. Unlike statistical data, which includes 

random samples allowing us to perform statistical analysis, time series are strongly 

auto correlated and heteroscedastic, making it possible to predict, forecast, 

structurally analyze and explain the reasons as well (Breusch 1979; Harvey 1990; 

Koop 2008). 



5. Results and discussion 

5.1 Urban sprawl from DMSP/OLS data 

5.1.1 Calibration  

 

As mentioned above, possible errors could exist in night light imagery from 

DMSP/OLS datasets. To eliminate or at least depress these inherent errors Elvidge et 

al. (2009) proposed a method known as intercalibration. It’s based on the second order 

regression model between the night light data itself. In detail, the second regression 

model should be built between the reference data and the remaining data. The result 

quality is based on the night light imagery data achieved from the dataset of 

DMSP/OLS. It will be improved after offsetting or depressing the discrepancies of 

DN values of the DMSP/OLS data. Therefore, this will make the analysis more 

believable and reliable. 

 

Table 3. Coefficients of the DMSP/OLS data from 1992 to 2012.  

 C1 C2 C3 R2 

1992 -0.0434 3.6856 -11.3387 0.8535 

1993 -0.0415 3.5168 -9.9500 0.8862 

1994 -0.0191 2.2663 -6.0349 0.9118 

1995 -0.0157 2.0638 -5.4834 0.9177 

1996 -0.0210 2.3899 -6.5894 0.9305 

1997 -0.0318 2.9471 -5.4614 0.9270 

1998 -0.0293 2.8698 -6.8459 0.9305 

1999 -0.0285 2.8152 -5.7293 0.9480 

2000 -0.0109 1.7596 -4.5180 0.9612 

2001 -0.0060 1.4110 -2.5582 0.9781 

2002 0.0000 1.0000 0.0000 1.0000 

2003 -0.0035 1.1872 1.9538 0.9795 

2004 0.0052 0.5031 4.4160 0.9618 

2005 0.0006 0.8695 2.5812 0.9568 

2006 0.0064 0.4043 5.2364 0.9292 

2007 0.0073 0.3468 5.1688 0.9335 

2008 0.0052 0.5062 4.1631 0.9418 

2009 0.0086 0.2183 6.7907 0.9013 

2010 0.0150 -0.3568 10.5557 0.8238 

2011 0.0107 -0.0195 8.0328 0.8717 

2012 0.0122 -0.0910 8.4523 0.8964 

 

However, night light imagery data intercalibration should be the primary step of data 

processing or preprocessing. Without successful intercalibration, DMSP/OLS data is 
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not able to accurately reflect night light information. Therefore, before any further 

processing can be carried out, this these employed intercalibration. The results of the 

process of building the second regression model are shown below in Table 3, which 

contains C1, C2, C3 and R2. 

 

5.1.2 Threshold determination 

 

As mentioned above, the empirical threshold method, sudden jump detection method, 

statistic data comparison method and k-means clustering method are all methods that 

can help to realize threshold determination. . All four of these methods were operated 

in this thesis to find the most suitable threshold value to derive Beijing’s urban areas 

from the year 1992 to 2012.  

 

Using the empirical threshold method, suitable threshold values of every year in 

Beijing city were achieved. In Figure 5, DN expresses the optimal threshold value of 

each year, based on the empirical threshold method during 2004 and 2009. 

 

 
(a)                                 (b) 

Figure 5. The maps of urban areas and non-urban areas of 2004 based on threshold 

value 46 (a) and 2009 based on threshold value 44 (b) using method 1. 

 

At second, in order to determine Beijing’s optimal threshold value from the year 1992 

to 2012, the sudden jump detection method was operated in this thesis. At the same 

time, the statistic data comparison method was operated. This enabled the perimeters 

and the areas of urban areas, based on different DN values, to be calculated 

simultaneously. In Appendix A, Table 4 represents all of Beijing’s calculated 

perimeters and areas from 1992 to 2012. The DN value was 48 in 2003, which is a 

significant indication that one polygon was split into two polygons (see Figure 6). 
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(a)                                 (b) 

Figure 6. The maps of urban areas and non-urban areas of 2003 based on threshold 

value 47 (a) and threshold value 48 (b) using method 2. 

 

The k-means clustering method was the final method used to determine Beijing’s 

threshold value from 1992 to 2012. Based on the fundamental clustering to classify 

samples, 23,505 points, with DN values from 1992 to 2012, were classified into five 

groups. The cluster sets can be ranked from lowest to highest: the lower light region, 

the low light region, the medium light region, the high light region and the higher 

light region. The higher light regions should be chosen as urban areas in the method 

(see Figure 7).  

 

(a)                                 (b) 

Figure 7. The maps of urban areas and non-urban areas of 2004 based on threshold 

value 49 (a) and 2009 based on threshold value 48 (b) using method 4. 

 

Generally speaking, for threshold determination, the sudden jump detection method 

and the statistical data comparison method can seem underdeveloped. In practical use, 

these two methods can be very tricky, and some problems can exist in their analysis. 

Correspondingly, the empirical threshold method and the k-means clustering method 
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are more sophisticated than the other two. The threshold values derived from the first 

and forth methods are complete. More detailed information is displayed in Appendix 

A regarding the optimal threshold value derived from the first method and the forth 

method, and the corresponding sum of lights based on these threshold values.  

 

5.1.3 Urban sprawl 

 

In Erdas 2013 software, the processes of resampling and recoding were completed in 

advance. 1000 points (500 points for urban areas and 500 points for non-urban areas) 

were randomly created by software. Also, night light images were used as maps to be 

evaluated, while landcover images were used as reference maps. The Global Land 

2010 was used to check the determination of non-urban areas and urban areas in 

method 1 and method 4.  

 

To see what happened to the results of urban areas derived from DMSP/OLS 

data comparing with the global land cover, the accuracy of the comparison 

between them were shown here. It can be easily found that, in Table 4, the overall 

accuracy is higher than 86%, and the overall kappa statistics result is better than 0.73. 

This means threshold values from method 1 and method 4 are available, and classified 

non-urban areas and urban areas, based on threshold values, can be accepted. More 

detailed information about accuracy assessment results is shown in Table 5. 

  

Table 4. Accuracy assessment result from method 1 and method 4. 

 Method1 Method4 

 Overall 

Accuracy 

Overall 

Kappa 

Overall 

Accuracy 

Overall 

Kappa 

2010 86.80% 0.7360 89.50% 0.7900 

 

Table 5. Accuracy assessment for urban extent extracted in 2010. 

Class  

name 

Reference 

totals 

Classified 

totals 

Number 

correct 

Producers 

accuracy 

Users 

accuracy 

Method1 Class 1 544 500 456 83.82% 91.20% 

Method1 Class 2 456 500 412 90.35% 82.40% 

Method4 Class 1 537 500 466 86.78% 93.20% 

Method4 Class 2 463 500 429 92.66% 85.80% 

 

The maps below represent the non-urban areas and urban areas from 1992 to 2012 of 

Beijing. The threshold values derived from method 1 used to divide the urban areas 

and non-urban areas are also demonstrated with the related maps (see Figure 8 to 

Figure 17). 
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(a)                                 (b) 

Figure 8. The maps of urban areas and non-urban areas of 1992 based on threshold 

value 50 (a) and 1993 based on threshold value 50 (b). 

 

 
(a)                                 (b) 

Figure 9. The maps of urban areas and non-urban areas of 1994 based on threshold 

value 49 (a) and 1995 based on threshold value 50 (b). 

 

 

(a)                                 (b) 

Figure 10. The maps of urban areas and non-urban areas of 1996 based on threshold 

value 49 (a) and 1997 based on threshold value 50 (b). 
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(a)                                 (b) 

Figure 11. The maps of urban areas and non-urban areas of 1998 based on threshold 

value 50 (a) and 1999 based on threshold value 50 (b). 

 

(a)                                 (b) 

Figure 12. The maps of urban areas and non-urban areas of 2000 based on threshold 

value 50 (a) and 2001 based on threshold value 50 (b). 

 

  

(a)                                 (b) 

Figure 13. The maps of urban areas and non-urban areas of 2002 based on threshold 

value 50 (a) and 2003 based on threshold value 50 (b). 
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(a)                                 (b) 

Figure 14. The maps of urban areas and non-urban areas of 2004 based on threshold 

value 46 (a) and 2005 based on threshold value 48 (b). 

  

(a)                                 (b) 

Figure 15. The maps of urban areas and non-urban areas of 2006 based on threshold 

value 45 (a) and 2007 based on threshold value 45 (b). 

 

  
(a)                                 (b) 

Figure 16. The maps of urban areas and non-urban areas of 2008 based on threshold 

value 46 (a) and 2009 based on threshold value 44 (b). 
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(a)                                 (b) 

Figure 17. The maps of urban areas and non-urban areas of 2010 based on threshold 

value 38 (a) and 2011 based on threshold value 39 (b). 

 

 

Figure 18. The maps of urban areas and non-urban areas of 2012 based on threshold 

value 41.  

 

The maps below represent the non-urban areas and urban areas from 1992 to 2012 of 

Beijing. The threshold values which were found based on the method 4 used to divide 

the urban areas and non-urban areas are also displayed with the related maps (see 

Figure 19 to Figure 28). 
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(a)                                 (b) 

Figure 19. The maps of urban areas and non-urban areas of 1992 based on threshold 

value 54 (a) and 1993 based on threshold value 54 (b). 

  

(a)                                 (b) 

Figure 20. The maps of urban areas and non-urban areas of 1994 based on threshold 

value 53 (a) and 1995 based on threshold value 53 (b). 

  

(a)                                 (b) 

Figure 21. The maps of urban areas and non-urban areas of 1996 based on threshold 
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value 52 (a) and 1997 based on threshold value 52 (b). 

 

  

(a)                                 (b) 

Figure 22. The maps of urban areas and non-urban areas of 1998 based on threshold 

value 53 (a) and 1999 based on threshold value 53 (b). 

  

(a)                                 (b) 

Figure 23. The maps of urban areas and non-urban areas of 2000 based on threshold 

value 54 (a) and 2001 based on threshold value 54 (b). 
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(a)                                 (b) 

Figure 24. The maps of urban areas and non-urban areas of 2002 based on threshold 

value 54 (a) and 2003 based on threshold value 53 (b). 

  

(a)                            (b) 

Figure 25. The maps of urban areas and non-urban areas of 2004 based on threshold 

value 49 (a) and 2005 based on threshold value 52 (b). 

  

(a)                                (b) 

Figure 26. The maps of urban areas and non-urban areas of 2006 based on threshold 

value 50 (a) and 2007 based on threshold value 49 (b). 
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(a)                               (b) 

Figure 27. The maps of urban areas and non-urban areas of 2008 based on threshold 

value 48 (a) and 2009 based on threshold value 48 (b). 

  

(a)                               (b) 

Figure 28. The maps of urban areas and non-urban areas of 2010 based on threshold 

value 43 (a) and 2011 based on threshold value 44 (b). 

 

Figure 29. The maps of urban areas and non-urban areas of 2012 based on threshold 

value 46. 
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5.2 Econometrics modeling 

5.2.1 Data description 

 

After successfully operating data preprocessing, Beijing’s night light imagery data, 

from 1992 to 2012 and derived from DMSP/OLS, were calibrated. Then, to find 

Beijing’s urban areas from 1992 to 2012, suitable threshold values of every year in 

were determined. Data preprocessing was employed to derive Beijing’s urban areas 

without any inherent errors in night light imagery data. Thus, Beijing’s achieved 

urban areas can be used to build econometrics models to analyze the city’s urban 

development from 1992 to 2012.  

 

In this study, 15 variables were chosen to be used in order to build econometrics 

models of Beijing’s urban areas, based on the night lights imagery data. All 15 of the 

variables are shown in Table 6, and their aliases are also shown in the same table. This 

table clearly exhibits descriptions of all of the variables. 

 

Table 6. Basic information from independent and dependent variables. 

Aspect Description Unit Alias 

Economy Gross Domestic Product 100 million 

yuan 

Z1 

Population Urban Population 10000 persons Z2 

Statue of 

person 

Permanent Population 10000 persons Z3 

Energy Total Energy Consumption 10000 tons of 

SCE 

Z4 

Electricity Consumption 10000 kwh Z5 

Statue of urban 

Household 

Per Capita Total Income yuan Z6 

Per Capita Disposable Income yuan Z7 

Per Capita Living Expenditures yuan Z8 

Traffic Possession of Civil Vehicles 10000 units Z9 

communication Number of Fixed Telephone Subscribers 10000 units Z10 

Number of Mobile Telephone 

Subscribers 

10000 units Z11 

Health care Health Care Institutions unit Z12 

Beds unit Z13 

Night lights SOL of method1 unit X 

SOL of method4 unit Y 

 

The 15 variables include 13 socio-economic factors as independent variables. What’s 

more, the sums of lights use method 1 and method 4 as dependent variables. Below, 

Table 7 describes the statistical information of all of these variables. Based on the 

table, it can be seen that the mean value of Z9 is 329.62, but the unit consists of 10000 

units. After taking the natural logarithm of all variables into consideration, variation 
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between variables will be reduced in further analysis. Based on the statistical software, 

it is easier to calculate the Kaiser-Meyer-Olkin as 0.851, which means there is a 

strong linear relationship between the 13 socio-economic factors. Hence, PCA 

processing is essential for analyzing the 13 socio-economic factors.  

 

Table 7. Basic information from independent variables. 

Variable N Min Max Mean SD 

X 21 2381 4550 3280.67 546.12 

Y 21 1908 3902 2923.57 531.65 

Z1 21 709.10 17879.40 6278.22 5324.36 

Z2 21 819.00 1783.70 1201.00 310.75 

Z3 21 1102.00 2069.30 1486.15 304.00 

Z4 21 2987.50 7177.70 4889.16 1391.35 

Z5 21 1759611.00 8742835.00 4698544.48 2305342.65 

Z6 21 2813.10 41103.00 17364.15 11266.58 

Z7 21 2363.70 36469.00 15335.83 10027.48 

Z8 21 2134.70 24046.00 11223.87 6327.01 

Z9 21 39.00 903.20 329.62 285.83 

Z10 21 48.00 943.50 561.34 334.84 

Z11 21 1.20 3168.00 985.84 957.50 

Z12 21 4818.00 9974.00 6037.10 1440.17 

Z13 21 63230.00 100167.00 76933.76 10752.80 

 

5.2.2 PCA processing 

 

At first, except for factors X and Y, 13 factors were realized during PCA processing. 

Information for all of the components can be seen in Table 7, which is shown below. 

Total cumulative value of component 1 exceed 90%, and these two can be considered 

principal components. The first principal component (Prin1) can thoroughly explain 

91.387% of the overall information. The eigenvectors of the component can be used 

to build two new equations to establish two kinds of regression models with LnX and 

LnY, respectively (see Table 8).  
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Table 8. Information of PCA. 

Component 
Initial Eigenvalues Extraction Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 11.880 91.387 91.387 11.880 91.387 91.387 

2 .798 6.137 97.524    

3 .268 2.060 99.584    

4 .021 .164 99.748    

5 .013 .101 99.849    

6 .011 .085 99.934    

7 .005 .036 99.970    

8 .002 .013 99.983    

9 .001 .008 99.991    

10 .000 .004 99.994    

11 .000 .003 99.997    

12 .000 .002 100.000    

13 5.991E-05 .000 100.000    

 

Table 9. Eigenvectors of one component. 

 
Component1 

LnZ1 0.290 

LnZ2 0.285 

LnZ3 0.284 

LnZ4 0.286 

LnZ5 0.288 

LnZ6 0.289 

LnZ7 0.289 

LnZ8 0.287 

LnZ9 0.289 

LnZ10 0.270 

LnZ11 0.274 

LnZ12 0.175 

LnZ13 0.280 

 

After the PCA processing, the new equation of Prin1 and other variables and other 

variables should be expressed as following: 

 

Prin1 

=0.290LnZ1+0.285LnZ2+0.284LnZ3+0.286LnZ4+0.288LnZ5+0.289LnZ6+0.289Ln

Z7+0.287LnZ8+0.289LnZ9+0.270LnZ10+0.274LnZ11+0.175LnZ12+0.280Ln13 
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5.2.3 Parameter estimation and regression equation 

 

Since there are relationships between all of the 13 socio-economic factors, and since 

they were achieved from 1992 to 2012, they were able to interact with each other 

during the time series. It’s at this time that we must ensure that the model lacks 

autocorrelation and heteroscedasticity. The preliminary hypothesis stated that these 

socio-economic factors effected the development of Beijing’s urban areas during the 

time series of 1992 to 2012. 

Test of model 1 

 

In this section, the equation was verified based on LnX, and Prin1. LnX was used as 

the explained variable while Prin1 was used as the explained variables for conducting 

regression analysis. The analysis results are shown in Table 10. From this table, it can 

be seen that the equation was positively correlated where F = 34.732, R2 = 0.646, and 

DW = 0.904 (du = 1.22, dL = 1.42), did not tell whether serial correlation between 

variables existed. Therefore, to test serial correlation, the serial correlation LM test 

was operated. 

 

Table 10. The result of regression analysis of LnX. 

     
      Coefficiet Std. Error t-Statistic Prob.   

     
     C 6.486232 0.271833 23.86109 0.0000 

PRIN1 0.051897 0.008806 5.893401 0.0000 

     
     R-squared 0.646394     Mean dependent var 8.083323 

Adjusted R-squared 0.627784     S.D. dependent var 0.160053 

S.E. of regression 0.097648     Akaike info criterion -1.724511 

Sum squared resid 0.181166     Schwarz criterion -1.625033 

Log likelihood 20.10737     Hannan-Quinn criter. -1.702922 

F-statistic 34.73217     Durbin-Watson stat 0.903785 

Prob(F-statistic) 0.000011    

     
     

 

The RESID was used as the dependent variable; lag RESID (-1) was used as the 

independent variable to run the regression analysis. Results are shown in Table 11 and 

Table 12. These results show that R2 < 0.34; the original model lacked first-order 

autocorrelation. A similar test was also operated to examine second-order serial 

correlation. Therefore, the model did not have any time series correlation. 
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Table 11. Breusch-Godfrey Serial Correlation LM Test for lag(-1). 

     
      Coefficiet Std. Error t-Statistic Prob.   

     
     C -0.052363 0.238181 -0.219847 0.8285 

PRIN1 0.001805 0.007719 0.233806 0.8178 

RESID(-1) 0.552931 0.210159 2.631016 0.0170 

     
     R-squared 0.277754     Mean dependent var -9.71E-16 

Adjusted R-squared 0.197504     S.D. dependent var 0.095175 

S.E. of regression 0.085260     Akaike info criterion -1.954662 

Sum squared resid 0.130846     Schwarz criterion -1.805445 

Log likelihood 23.52395     Hannan-Quinn criter. -1.922278 

F-statistic 3.461124     Durbin-Watson stat 2.246770 

Prob(F-statistic) 0.053477    

     
     

 

Table 12. Breusch-Godfrey Serial Correlation LM Test for lag(-2). 

     
      Coefficiet Std. Error t-Statistic Prob.   

     
     C -0.094018 0.238108 -0.394855 0.6979 

PRIN1 0.003234 0.007727 0.418567 0.6808 

RESID(-1) 0.418292 0.236714 1.767081 0.0952 

RESID(-2) 0.295255 0.248602 1.187659 0.2513 

     
     R-squared 0.333089     Mean dependent var -9.71E-16 

Adjusted R-squared 0.215399     S.D. dependent var 0.095175 

S.E. of regression 0.084304     Akaike info criterion -1.939134 

Sum squared resid 0.120822     Schwarz criterion -1.740177 

Log likelihood 24.36090     Hannan-Quinn criter. -1.895955 

F-statistic 2.830220     Durbin-Watson stat 2.000167 

Prob(F-statistic) 0.069465    

     
     

 

Then the Glejser test was run to examine the model’s heteroscedasticity. From Table 

13, the fitting of the equation, which was R2 = 0.140, was very low. This result shows 

the failure of the F-test and T-test. The relative error was large, which means the 

heteroscedasticity did not exist in the model. Hence, there was no time series 

correlation or heteroscedasticity in the model based on the LnX, which was used as 

the dependent variable, and Prin1 was used as the independent variable. The final 

equation should be expressed as the following: 

 

LnX = 6.486+0.052Prin1          (9) 
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Table 13. Heteroscedasticity test for method1. 

     
     

 

Coefficien

t Std. Error t-Statistic Prob.   

     
     C -0.164079 0.138001 -1.188968 0.2491 

PRIN1 0.007858 0.004471 1.757638 0.0949 

     
     R-squared 0.139855     Mean dependent var 0.077731 

Adjusted R-squared 0.094584     S.D. dependent var 0.052098 

S.E. of regression 0.049573     Akaike info criterion -3.080366 

Sum squared resid 0.046691     Schwarz criterion -2.980888 

Log likelihood 34.34385     Hannan-Quinn criter. -3.058777 

F-statistic 3.089291     Durbin-Watson stat 2.197237 

Prob(F-statistic) 0.094910    

     
      

Test of model 2 

 

In this section, uniform procedure test is effective. LnY was employed as the 

explained variable. Simultaneously, Prin1 and Prin2 were employed as the explained 

variables for operating regression analysis. Analysis results are shown in Table 14. 

According to this table, the equation had positive correlation where F = 33.169 and p 

< 0.001, meanwhile, R2 = 0.638. This means model fitting results were admissible. 

The F-test and T-test results, DW = 1.020 (du = 1.22, dL = 1.42), did not tell whether 

serial correlation between variables existed. Therefore, to test serial correlation, the 

serial correlation LM test was operated. 

 

Table 14. The result of regression analysis of LnY. 

     
      Coefficiet Std. Error t-Statistic Prob.   

     
     C 6.116729 0.321801 19.00782 0.0000 

PRIN1 0.060038 0.010425 5.759220 0.0000 

     
     R-squared 0.635796     Mean dependent var 7.964346 

Adjusted R-squared 0.616628     S.D. dependent var 0.186696 

S.E. of regression 0.115597     Akaike info criterion -1.387023 

Sum squared resid 0.253890     Schwarz criterion -1.287545 

Log likelihood 16.56374     Hannan-Quinn criter. -1.365434 

F-statistic 33.16861     Durbin-Watson stat 1.020403 

Prob(F-statistic) 0.000015    
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The RESID was used as the dependent variable; lag RESID (-1) was used as the 

independent variable to run the regression analysis. Results are shown in Table 15 and 

Table 16. These results show that R2 < 0.24; the original model lacked first-order 

autocorrelation. A similar test was also operated to examine second-order serial 

correlation. Therefore, the model did not have any time series correlation. 

 

Table 15. Breusch-Godfrey Serial Correlation LM Test for lag(-1). 

     
      Coefficiet Std. Error t-Statistic Prob.   

     
     C -0.043711 0.293285 -0.149038 0.8832 

PRIN1 0.001497 0.009503 0.157564 0.8766 

RESID(-1) 0.477401 0.213998 2.230869 0.0387 

     
     R-squared 0.216600     Mean dependent var -1.30E-15 

Adjusted R-squared 0.129556     S.D. dependent var 0.112670 

S.E. of regression 0.105118     Akaike info criterion -1.535897 

Sum squared resid 0.198897     Schwarz criterion -1.386679 

Log likelihood 19.12692     Hannan-Quinn criter. -1.503513 

F-statistic 2.488387     Durbin-Watson stat 2.070855 

Prob(F-statistic) 0.111135    

     
     

 

Table 16. Breusch-Godfrey Serial Correlation LM Test for lag(-2). 

     
      Coefficiet Std. Error t-Statistic Prob.   

     
     C -0.063319 0.301105 -0.210288 0.8359 

PRIN1 0.002167 0.009764 0.221940 0.8270 

RESID(-1) 0.418282 0.242497 1.724898 0.1027 

RESID(-2) 0.139310 0.249277 0.558857 0.5835 

     
     R-squared 0.230733     Mean dependent var -1.30E-15 

Adjusted R-squared 0.094980     S.D. dependent var 0.112670 

S.E. of regression 0.107186     Akaike info criterion -1.458864 

Sum squared resid 0.195309     Schwarz criterion -1.259907 

Log likelihood 19.31807     Hannan-Quinn criter. -1.415685 

F-statistic 1.699654     Durbin-Watson stat 1.964775 

Prob(F-statistic) 0.204870    

     
     

 

And then, the Glejser test was run to test the heteroscedasticity. Based on information 

displayed in Table 17, indistinctive equation fitting was R2 = 0.026. The 

heteroscedasticity did not exist in the model. Hence, there was no time series 

correlation. Additionally, heteroscedasticity, existing in the model based on LnY, w 

was used as the dependent variable. Finally, Prin1 was used as the independent 
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variable. The final equation should be expressed as following: 

 

LnY = 6.117+0.060Prin1            (10) 

 

Table 17. Heteroscedasticity test for method4. 

     
      Coefficiet Std. Error t-Statistic Prob.   

     
     C 0.193366 0.132833 1.455705 0.1618 

PRIN1 -0.003038 0.004303 -0.705957 0.4888 

     
     R-squared 0.025560     Mean dependent var 0.099880 

Adjusted R-squared -0.025726     S.D. dependent var 0.047114 

S.E. of regression 0.047716     Akaike info criterion -3.156701 

Sum squared resid 0.043260     Schwarz criterion -3.057223 

Log likelihood 35.14536     Hannan-Quinn criter. -3.135112 

F-statistic 0.498376     Durbin-Watson stat 2.278948 

Prob(F-statistic) 0.488781    

     

In summary, the contribution rate and elasticity of variables to the economic growth 

of urban development are shown in Table 18. They are based on LnX. The modeling 

with method 1 was shown above (see Equation 9). Whereas the results shown in Table 

19 were derived based on LnY and the modeling method was also shown as above 

(see Equation 10). Equation 11 explains the relationship between the contribution rate, 

the elasticity and the average growth rate. 

 

C = R * E / Ri           (11) 

 

where C is the contribution rate, E is the elasticity and Ri is the average growth rate 

from X and Y.  
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Table 18. Contribution rate and elasticity based on LnX. 

 Average growth rate Elasticity Contribution  

X 3.54% - 100% 

Z1 17.51% 0.0151  8.63% 

Z2 3.97% 0.0148  1.92% 

Z3 3.20% 0.0148  1.55% 

Z4 4.48% 0.0149  2.18% 

Z5 8.35% 0.0150  4.08% 

Z6 14.35% 0.0150  7.05% 

Z7 14.66% 0.0150  7.20% 

Z8 12.87% 0.0149  6.29% 

Z9 17.01% 0.0150  8.36% 

Z10 15.67% 0.0140  7.19% 

Z11 48.28% 0.0142  22.50% 

Z12 3.65% 0.0091  1.09% 

Z13 2.33% 0.0146  1.11% 

 

Table 19. Contribution rate and elasticity based on LnY. 

 Average growth rate Elasticity Contribution  

Y 3.06% - 100% 

Z1 17.51% 0.0171  8.46% 

Z2 3.97% 0.0168  1.88% 

Z3 3.20% 0.0168  1.52% 

Z4 4.48% 0.0169  2.13% 

Z5 8.35% 0.0170  4.00% 

Z6 14.35% 0.0170  6.90% 

Z7 14.66% 0.0170  7.05% 

Z8 12.87% 0.0170  6.16% 

Z9 17.01% 0.0170  8.19% 

Z10 15.67% 0.0159  7.04% 

Z11 48.28% 0.0162  22.04% 

Z12 3.65% 0.0103  1.07% 

Z13 2.33% 0.0165  1.09% 

 

5.3.4 Contributon rate for urban night lights 

 

Table 20 displays the 13 socio-economic factors that were used as the explanatory 

variables. Also, to establish a model, urban lights were used as the explained variables. 

And then, elastics and contributions of all 13 factors, from 1992 to 2012, were 

achieved. The row of Elastic X shows the elastic deformities of lights based on all 13 

factors. Additionally, from 1992 to 2012, the factors contributed to the accumulated 

lights. In similar fashion, the row of Elastic Y represents the elastic deformities from 

the 13 factors to the lights, and the contributions from the factors to the cumulative 
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lights from 1992 to 2012. 

 

Table 20. The result of elastic and contribution from method1 and method4. 

 Method1 Method4 

 Elastic X Contribution X  Elastic Y Contribution Y 

Z1 0.0151  8.63% 0.0171  8.46% 

Z2 0.0148  1.92% 0.0168  1.88% 

Z3 0.0148  1.55% 0.0168  1.52% 

Z4 0.0149  2.18% 0.0169  2.13% 

Z5 0.0150  4.08% 0.0170  4.00% 

Z6 0.0150  7.05% 0.0170  6.90% 

Z7 0.0150  7.20% 0.0170  7.05% 

Z8 0.0149  6.29% 0.0170  6.16% 

Z9 0.0150  8.36% 0.0170  8.19% 

Z10 0.0140  7.19% 0.0159  7.04% 

Z11 0.0142  22.50% 0.0162  22.04% 

Z12 0.0091  1.09% 0.0103  1.07% 

Z13 0.0146  1.11% 0.0165  1.09% 

 

According to the model, based on the sum of lights derived from the first method and 

the 13 socio-economic factors, it was found that there was a 0.0151 percentage point 

increase in the sum of lights for every 1 percentage point increase in Z1. The 

cumulative contribution from Z1 to the sum of lights was 8.63%. The model, based on 

the sum of lights derived from the forth method and the 13 socio-economic factors, 

showed there was a 0.0171 percentage point increase in the sum of lights for every 1 

percentage point increase in Z1. Additionally, the cumulative contribution from Z1 to 

the sum of lights is 8.46%. Obviously, based on this data, Z1 had the highest 

contribution to the sum of lights in both models, based on the first and the forth 

methods, to derive the sum of lights.  

 

It is well know that GDP is very important to urban growth. Furthermore, it is also a 

fundamental index to evaluate a region’s developmental situation. Agriculture is the 

primary industry of GDP; industry and construction make up, the secondary industries 

of GDP. The tertiary industries include all remaining businesses except for service and 

transportation businesses. The unit of Table 21 is million Yuan; second and tertiary 

industries had a large fraction of Beijing’s GDP. They also experienced annual 

increasing. Therefore, while Beijing’s development was successful from 1992 to 2012, 

the city’s GDP made a major contribution to this development. Finally, its cumulative 

contribution during that time series was 8%. 
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Table 21. The structure of industry in Beijing from 1992 to 2012. 

 Primary Industry Secondary Industry Tertiary Industry 

Industry Construction 

1992 49.1 293 52.9 314.1 

1993 53.7 339.2 80.4 412.9 

1994 67.5 417.9 99.7 560.2 

1995 73.5 527.8 118 788.4 

1996 75 576.2 138.5 999.5 

1997 77.2 635.9 145.9 1218.1 

1998 77.9 670.4 170.2 1458.7 

1999 78.4 724 183.3 1693.1 

2000 79.3 844 189.3 2049.1 

2001 80.8 938.8 203.6 2484.8 

2002 82.4 1021.2 228.8 2982.6 

2003 84.1 1224.5 262.7 3435.9 

2004 87.4 1554.7 298.9 4092.2 

2005 88.7 1707 319.5 4854.3 

2006 88.8 1821.8 369.6 5837.6 

2007 101.3 2082.8 426.6 7236.1 

2008 112.8 2131.7 494.7 8375.8 

2009 118.3 2303.1 552.4 9179.2 

2010 124.4 2764 624.4 10600.8 

2011 136.3 3048.8 703.7 12363.1 

2012 150.2 3294.3 765 13669.9 

 

The data shows a 0.0148 percentage point increase in the sum of lights X and a 

0.0168 percent point increase in Y for every 1 percentage point increase in Z2. Also, 

Z2’s cumulative contributions to the sum of lights X and Y are 1.92% and 1.88%. And, 

a 0.0148 percentage point increase in the sum of lights X and a 0.0168 percent point 

increase in Y for every 1 percentage point increase in Z3. Additionally, Z3’s 

cumulative contributions to the sum of lights X and Y are 1.55% and 1.52%. Based on 

the result, there was a 0.0150 percentage point increase in the sum of lights X and a 

0.0170 percent point increase in Y for every 1 percentage point increase in Z6. Finally, 

Z6’s cumulative contributions to the sum of lights X and Y are 7.05% and 6.90%. 

 

Then, there was a 0.0150 percentage point increase in the sum of lights X and 0.0170 

percent point increase in Y for every 1 percent point increase in Z9. Z19’s 

accumulated contributions to the sum of lights X and Y were 8.36% and 8.19%. With 

the number of vehicles increasing, it was vital to construct more parking spaces and 

roads in order to support urban development. Constructing these things also ensured 

basic urban functions. The rising number of vehicles also proved that Beijing’s the 

economy was developing during that time period. The increased pace of work and life 

ultimately led to accelerated urbanization. 
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And, the result represents that there was a 0.0091 percentage point increase in the sum 

of lights X and a 0.0103 percentage point increase in Y for every 1 percentage point 

increase in Z12. Z12’s accumulated contributions to the sum of lights X and Y were 

1.09% and 1.07%. Then, there was a 0.0146 percent point increase in the sum of 

lights X and a 0.0103 percent point increase in Y for every 1 percent point increase in 

Z13. Additionally, Z13’s accumulated contributions to the sum of lights X and Y were 

1.11% and 1.09%. These two factors belong to medical and health services. Finally, 

the contribution sum of lights was 2%, which proves that eventually medical and 

health services will be able to reflect urban development.  

 

According to previously mentioned studies, night lights can be used to analyze 

urbanization, human activities and social economic activities as well. Furthermore, 

there should be positive correlations between night lights and GDP, energy 

consumption and electricity consumption. Therefore, it can be declared that the 13 

factors, which were discussed above, made positive contributions to Beijing’s urban 

development from 1992 to 2012. However, there are three factors that made relatively 

high positive contributions to the sum of lights. 

 

Table 22. The average growth rate from 1992-2012. 

 Average growth rate 

Z1 17.51% 

Z2 3.97% 

Z3 3.20% 

Z4 4.48% 

Z5 8.35% 

Z6 14.35% 

Z7 14.66% 

Z8 12.87% 

Z9 17.01% 

Z10 15.67% 

Z11 48.28% 

Z12 3.65% 

Z13 2.33% 

 

The result shows that there was a 0.0142 percentage point increase in the sum of 

lights X and a 0.0162 percent point increase in Y for every 1 percent point increase in 

Z11. In addition to this, Z11’s accumulated contributions to the sum of lights X and Y 

were 22.50% and 22.04%. And then, there was a 0.0140 percentage point increase in 

the sum of lights X and a 0.0159 percent point increase in Y for every 1 percent point 

increase in Z10. In related terms, Z10’s accumulated contributions to the sum of lights 

X and Y were 7.19% and 7.04%.Simply put, these means the number of 

communication transmission had the highest contribution to the sum urban lights of 

urban. Conversely, they elastic deformations are major and due to the fact that the 

average communication growth rates are higher than 48% and 15%, respectively (See 
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Table 22).As the factor which made the maximum contribution to the urban sprawl of 

Beijing, the contribution of Z11 is twice larger than the contribution of Z1. In recent 

years, data on mobile terminal like the location plug in of the twitter and instagram is 

used as the study data to analyze regional hotspot issue and research issue about 

trajectory of human activities. That is to say, the mobile terminal can be seen as the 

expression of human activities, which means the activities in urban areas can be 

explained well. With the increase of number of mobile phone users and the functions 

of mobile phone, the mobile phone enriches the people living contents because it not 

only support the basic communication like making phone call and sending message, 

but also improve the development of internet, like mobile phone internet service and 

location needs. Combined with Z2 which made 2% contribution to the night lights, it 

improves the mutual communication between cities. Therefore, the increase of the 

factor Z11 which made 22% contribution to the night lights ranks as the top factor is 

reasonable.  

 

Based on the analysis of contributions from the 13 socio-economy factors to the sum 

of lights, and the sum of lights results are able to express urban development. Related 

to this, it is obvious that, from 1992 to 2012, positive factors of urbanization are GDP 

(which was Z1), number of vehicles (which was Z13), number of fixed telephone 

users (which was Z10) and so on, when the Beijing was used as the study area. It also 

indicates that urbanization can be reflected in four aspects: economic industry 

development, traffic development, health and medical service development and urban 

communication development.  

 

The four methods are evaluated from the basis of convenience, data dependency, 

operability and realizability. Furthermore, the evaluation is based on my study area 

analysis and previous study review (see Table 23). At first, the first method is the most 

convenient, while the software is indispensable for the fourth method. In addition to 

this, the perimeter and area related to each DN value should be calculated for the 

second and the third methods, which mean there will be more steps to realize these 

two methods. Secondly, the first, second and forth methods only use DN value and 

histogram data. On the contrary, all of the statistical data for those 21 years should be 

found and analyzed. Meanwhile, statistical data in the second method is incomplete. 

Thirdly, all of the methods can be realized based on ArcGIS, Excel or some other 

available software. Lastly, the sudden jump method is necessary for the second 

method, but its characteristics don’t always exist every year. It can only be used as an 

exploration method to discover threshold values. Statistical data is vital for the third 

method. When the necessary statistical data is correctly completed, this method is 

convenient and able to be operated and realized.  
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Table 23. Comprehensive assessment of four methods to determinate threshold in this 

case study. 

 Convenience Data dependency Operability Realizability 

Method 1 High Low High High 

Method 2 Middle Low High Middle 

Method 3 Middle High High Low 

Method 4 High Low High High 

 

In summary, compared to prevailing satellite imagery data, DMSP/OLS imagery data 

is not widely used. There are also some inherent problems existing in DMSP/OLS 

data. For example, it can’t detect bodies of water, forests or more detailed objects. 

Thus, this kind of data is not widely used. There’s no appropriately unified method or 

model for extracting information. This problem has not been solved since the 1970s. 

Hence, the method used to determine the threshold value should consider the situation 

of study areas. Additionally, it should be combined with DMSP/OLS data of the study 

area. Based on previous studies, the majority of the methods are suitable for the USA. 

Thus, four methods were chosen to be used to determine Beijing’s threshold values.  

 

Because the sudden jump detection method and the statistical data comparison 

method are able to derive the area and perimeter. But in this case, the sudden jump 

method did not appear in every year. The statistical data from the official statistics 

was incomplete, which meant that, to find optimal threshold values, successful 

comparison could not be operated for all of the years. Thereby, these two methods 

were not used in this thesis. 

 

Previous work, such as Liu et al. (2012) extracted urban area with an accuracy of 

82.74% and kappa of 0.40 in China. In Beijing, the overall accuracy of 87.8% was 

calculated by Henderson et al. (2003). Pandey et al. (2013) figured out the overall 

accuracy in India was greater than 89%. In addition, using method 3, He et al. (2006) 

found an approximate accuracy of 81.24%. Based on my results, the overall accuracy 

is 86.80% and kappa is 0.7360 in method 1. Meanwhile, accuracy of method 4 is 

89.50%; kappa is equal to 0.7900. In brief, the results from processing are effective. 

 

In the time series, the night light imagery data from the Earth’s surface, derived from 

the DMSP/OLS, allows for the study of urban development and human activities. 

Thus, it can be used in quantitative analysis of various cities. Based on the 

combination of present development tendencies and analyzed data, it can be seen that, 

from 1992 to 2012, the level of Beijing’s urbanization increased. Unfortunately, there 

were some problems that required solving, such as unemployment. Contributions 

based on the first method and the fourth method are similar, generally speaking. This 

is especially true for the first three and the last three. The discussion also reflects the 

situation of Beijing’s urban development from 1992 to 2012. Therefore, it can be 

concluded that, intercalibration, threshold determination, model building, the analysis 

of 13 socio-economic factors and urban development’s sum of lights were successful. 



6. Conclusion and future research 

As aforementioned, the objectives of this study are to use night lights data derived 

from DMSP/OLS to determine urban areas and to find the contributions to Beijing’s 

night lights from socio-economic factors based on the obtained urban areas, from 

1992 to 2012. Prior to further data processing of night light imagery data, 

intercalibration was operated in this thesis to offset or depress inherent errors. Then, 

the threshold determination was operated to find the optimal threshold value, which is 

very important for dividing urban areas and non-urban areas. It can be seen that, all 

the results from this thesis are positive. The intercalibration of night lights images was 

successful. The second regression models between different images were built and the 

related DN values were figured out. And, obviously, the threshold determination was 

successful as well. The suitable threshold values were determined, and based on these 

threshold values, the urban areas of Beijing City from 1992 to 2012 were extracted. 

The gained urban areas were compared to the satellite images, and the accuracy 

assessment was run. It can be found that the urban areas derived based on the 

determined threshold values were effective. 

 

The results of this study based on urban areas gained from DMSP/OLS data and 

statistic data are positive which means there were no any negative factors in the 

results. The model of this relationship is built which detect the 13 socio-economic 

factors and sum of lights in Beijing based on the urban areas derived from the night 

lights data. These factors are useful for analyzing Beijing’s urbanization from 1992 to 

2012. It could be shown that all the socio-economic factors made positive 

contributions to the sum of lights, which means they were able to contribute to 

Beijing’s urbanization process from 1992 to 2012.  

 

In all the 13 socio-economic factors, it can be found that, Z11 which represents the 

number of mobile telephone made the highest contribution to the night lights of 

Beijing. In commonsense, the top factor of contribution to the night lights should be 

Z1 which represents the GDP, but this study shows that the contribution of Z11 is 

twice higher than Z1 in Beijing from 1992 to 2012. However, detailed analysis 

regarding this phenomenon should be conducted in future works. 
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Appendices 

Appendix A. Processing of the threshold determination 

 

The table below represents the sum of lights of Beijing from 1992 to 2012. This table 

is very useful for intercalibration to find the data with the highest cumulative DN 

value. 

 

Table 1. The cumulative DN values of Beijing. 

Year Sum of lights in 

Beijing 

1992 14174 

1993 16695 

1994 16172 

1995 17341 

1996 17560 

1997 16703 

1998 16742 

1999 16777 

2000 17120 

2001 18322 

2002 18961 

2003 16626 

2004 17143 

2005 17627 

2006 17195 

2007 17025 

2008 17014 

2009 16107 

2010 17174 

2011 17222 

2012 14624 

 

The tables below represent the appropriate threshold values of Beijing from 1992 to 

2012. And the minimum DN values and the maximum DN values from all the years 

are also displayed. 

 

Table 2. Optimal threshold value of Beijing city. 

 MinDN MaxDN Optimal threshold 

1992 0 63 50 

1993 0 63 50 
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1994 0 61 49 

1995 0 62 50 

1996 0 61 49 

1997 0 63 50 

1998 0 63 50 

1999 0 63 50 

2000 0 63 50 

2001 0 62 50 

2002 0 63 50 

2003 2 63 50 

2004 4 57 46 

2005 3 60 48 

2006 5 56 45 

2007 5 56 45 

2008 4 57 46 

2009 7 55 44 

2010 8 48 38 

2011 8 49 39 

 

As mentioned in thesis above, the perimeters of Beijing are essential for method 2 to 

determine the threshold values from 1992 to 2012. And the areas of Beijing are 

important for method 3 to find the optimal threshold values from 1992 to 2012. The 

tables below illustrate the perimeters and areas of Beijing from 1992 to 2012 based on 

different DN values. 

 

Table 3. The perimeters of Beijing from 1992 to 2012. 

 DN39 DN40 DN41 DN42 DN43 DN44 DN45 

1992 612730 575377 575377 568687 568687 566660 566660 

1993 603585 603585 602558 602558 569055 569055 550168 

1994 628510 621287 611743 618127 594177 594177 590244 

1995 578096 572813 954793 533164 526158 518567 501512 

1996 591812 593703 588147 578170 578170 556293 554931 

1997 634598 624166 624166 610570 590832 590832 561819 

1998 659605 671342 641700 641700 634090 634090 631578 

1999 658241 626511 626511 618767 603185 603185 590617 

2000 541131 541131 525293 507759 511139 509781 513791 

2001 551563 544647 529770 516754 511728 507693 496519 

2002 635195 609664 591248 576051 556036 546017 531058 

2003 555605 544207 541852 532830 520701 510635 489621 

2004 565378 542873 524542 510142 500344 491493 474878 

2005 526980 513291 512310 495909 481090 479754 468669 

2006 473868 465124 465076 460840 460840 459536 438591 

2007 497490 488797 480972 479870 467057 456999 452949 

2008 483840 473233 470835 458735 450133 450133 442903 
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2009 428595 422503 419620 414251 414251 411282 405095 

2010 505584 491739 481711 481711 454334 437900 437900 

2011 492295 476311 462703 462703 451333 439263 432003 

2012 608479 588684 568103 568103 538439 513884 494551 

 

Table 3 (continued) 

 DN46 DN47 DN48 DN49 DN50 DN51 DN52 

1992 553769 553769 534758 534758 619458 610203 610203 

1993 550168 530319 579222 579222 610108 625370 606763 

1994 564252 548430 542481 532026 531267 516165 503445 

1995 501512 485907 473282 470323 417102 463849 457291 

1996 527742 504604 954824 478903 470697 466343 457676 

1997 541666 541666 536383 533957 533957 517682 517474 

1998 616047 616047 581827 570570 545516 545516 539677 

1999 579474 579474 564645 541144 541144 526919 512061 

2000 501146 500013 489831 468405 462465 449430 439740 

2001 493322 479368 469991 466251 451048 439076 424569 

2002 529793 517412 502571 491368 469900 458961 452281 

2003 466071 459728 447250 448490 438280 424814 418882 

2004 458764 456095 450494 444524 437770 421835 409182 

2005 455770 449705 451822 424436 417102 406615 401868 

2006 428215 406533 400654 384412 378990 375629 356486 

2007 446997 440263 439555 439555 404831 391690 365543 

2008 436349 425309 431487 417148 416707 409116 408682 

2009 395285 388464 374558 353232 353232 328501 304742 

2010 414548 429495 - - - - - 

2011 414893 414893 - - - - - 

2012 494551 480924 - - - - - 

 

Table 4. The areas of Beijing from 1992 to 2012. 

 DN39 DN40 DN41 DN42 DN43 DN44 DN45 

1992 2721 2523 2523 2401 2401 2246 2246 

1993 2706 2706 2536 2536 2407 2407 2267 

1994 2782 2666 2576 2482 2382 2382 2286 

1995 2580 2470 2373 2299 2234 2169 2109 

1996 2750 2642 2552 2472 2472 2382 2308 

1997 2745 2632 2632 2510 2391 2391 2313 

1998 2943 2823 2690 2690 2586 2586 2503 

1999 2872 2770 2770 2668 2567 2567 2486 

2000 2677 2677 2619 2547 2483 2410 2365 

2001 2660 2591 2506 2454 2398 2333 2279 

2002 2749 2682 2625 2561 2486 2437 2383 

2003 2441 2393 2321 2274 2226 2164 2116 

2004 2465 2405 2343 2291 2245 2198 2134 
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2005 2478 2423 2372 2321 2264 2219 2175 

2006 2388 2340 2274 2216 2216 2154 2078 

2007 2622 2573 2524 2469 2415 2362 2310 

2008 2643 2604 2551 2506 2456 2456 2419 

2009 2526 2474 2431 2383 2383 2338 2284 

2010 2909 2811 2684 2684 2554 2399 2399 

2011 2768 2701 2631 2631 2571 2501 2413 

2012 3044 2945 2864 2864 2765 2661 2575 

 

Table 4 (continued) 

 DN46 DN47 DN48 DN49 DN50 DN51 DN52 

1992 2127 2127 2005 2005 1564 1422 1422 

1993 2267 2171 1903 1903 1696 1601 1508 

1994 2208 2133 2064 2007 1936 1867 1812 

1995 2109 2053 2004 1896 1879 1789 1727 

1996 2214 2145 2092 2026 1967 1908 1864 

1997 2241 2241 2159 2077 2077 2005 1939 

1998 2415 2415 2331 2259 2176 2176 2104 

1999 2408 2408 2322 2248 2248 2179 2125 

2000 2308 2240 2175 2067 2010 1966 1910 

2001 2222 2168 2110 2059 2003 1948 1857 

2002 2332 2265 2190 2122 2068 2018 1956 

2003 2068 2008 1914 1874 1827 1779 1732 

2004 2083 2030 1979 1936 1869 1798 1737 

2005 2128 2078 2039 1922 1879 1830 1786 

2006 2014 1940 1873 1814 1747 1667 1581 

2007 2239 2179 2110 2110 2012 1914 1760 

2008 2374 2323 2267 2204 2148 2073 1994 

2009 2213 2132 2054 1960 1960 1854 1660 

2010 2186 1629 - - - - - 

2011 2294 2294 - - - - - 

2012 2575 2464 - - - - - 

 

 

Table 5. 5 classes of DN values of Beijing city from 1992 to 2012. 

 Class1 Class2 Class3 Class4 Class5 Number 

1992 3-9 12-21 24-37 39-52 54-63 11545 

1993 3-7 10-21 24-38 40-53 54-63 13340 

1994 1-9 11-22 24-37 39-52 53-61 13176 

1995 1-8 10-22 24-36 38-52 53-62 14109 

1996 3-9 11-23 25-37 39-52 53-61 13558 

1997 3-11 14-23 25-37 39-51 52-63 13592 

1998 1-9 12-21 23-35 37-51 52-63 13631 

1999 2-10 13-22 24-37 39-52 53-63 13641 
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2000 1-10 12-22 24-37 38-53 54-63 13934 

2001 3-10 11-23 24-38 39-53 54-63 14902 

2002 3-11 12-23 24-38 39-53 54-63 15403 

2003 2-9 10-22 23-37 38-52 53-63 20234 

2004 4-10 11-20 21-33 34-48 49-57 20234 

2005 3-9 10-21 22-36 37-51 52-60 20234 

2006 5-11 12-22 23-36 37-49 50-56 20234 

2007 5-11 12-22 23-35 36-47 49-56 20234 

2008 4-10 11-21 22-34 35-48 49-57 20234 

2009 7-12 13-22 23-34 35-47 48-55 20234 

2010 8-13 14-22 23-30 33-42 43-48 20234 

2011 8-12 13-21 22-32 33-43 44-49 20234 

2012 8-12 13-21 22-33 34-44 46-51 20234 

 

The Table 6 represents the optimal threshold value derived from the first method and 

the forth method, and the corresponding sum of lights based on these threshold 

values. 

 

Table 6. The optimal threshold values and sum of lights of Beijing city from 1992 to 

2012. 

 Method1 sum of lights1 Method4 sum of lights4 

1992 50 2381 54 1946 

1993 50 2579 54 1908 

1994 49 3034 53 2664 

1995 50 2770 53 2551 

1996 49 3070 52 2830 

1997 50 3156 52 2942 

1998 50 3297 53 3084 

1999 50 3401 53 3137 

2000 50 3054 54 2676 

2001 50 3042 54 2674 

2002 50 3152 54 2800 

2003 50 2777 53 2551 

2004 46 3167 49 2930 

2005 48 3098 52 2722 

2006 45 3168 50 2662 

2007 45 3491 49 3199 

2008 46 3598 48 3429 

2009 44 3553 48 3117 

2010 38 4550 43 3877 

2011 39 4208 44 3794 

2012 41 4348 46 3902 
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