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Abstract:



The urban clusters in the Middle Reaches of the Yangtze River (MRYR) in China include the Chang-Zhu-Tan urban agglomeration, the Wuhan metropolitan area, and the Poyang Lake urban agglomeration. While previous studies of urban expansion in China focused mainly on the coastal regions, this study aimed to investigate urban expansion patterns and factors in the MRYR, which are crucial for urban development in Central China. A neighborhood statistics analysis (NSA) method and a local-optimized threshold method were used to detect urban changes during 1992–2011 from the time-series Defense Meteorological Satellite Program’s Operational Linescan System (DMSP/OLS) nighttime light (NTL) images. The evolution of urban expansion intensity and landscape metrics were analyzed at multiple spatial scales, including the whole region, urban agglomeration, and city scales. Finally, the expanded STochastic Impacts by Regression on Population, Affluence, and Technology (STIRPAT) model was built to explore the factors that controlled NTL intensity. The results revealed that urban areas extracted from the NTL data were consistent with those extracted from the Landsat Thematic Mapper data, with an overall accuracy of 81.74% and a Kappa of 0.40. A relatively slow urbanization pace was observed from 1992 to 2002 in the MRYR region, which then accelerated in the period of 2002 to 2007 and then slowed down between 2007 and 2011. Additionally, urban expansion exhibited a radial pattern. The results further indicated that major factors controlling NTL intensity were gross domestic product, followed by total investment in fixed assets, tertiary industry, urban construction area, non-agricultural population, and industrial output in the city clusters. The study provides important insights for further studies on the urbanization processes in the MRYR region.
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1. Introduction


Urbanization is a complex process involving rural–urban shift, urban expansion, and land use change [1,2,3,4,5,6]. The urban expansion process leads to a shortage of natural resources, a number of environmental changes and even disasters on multiple scales [7,8,9]. Thus, obtaining timely and accurate information about urban expansion is vital to optimize the layout of urban space and land-use patterns, to evaluate the environmental impacts of urban development, and to guide a sound urbanization process associated with demographic dynamics, socioeconomic development, and human activities [10,11,12,13].



Remote sensing images have been extensively employed in detecting urban dynamics owing to their timely and spatially explicit information on urban expansion [14,15,16,17,18]. Particularly, high and medium spatial resolution remotely sensed images, such as those captured by Landsat Thematic Mapper (TM) and IKONOS, have been exploited in a variety of studies to characterize urbanization patterns and processes [19,20,21]. However, such studies were cost-intensive given their limited geographic coverage and requiring a large amount of time and human resources to extract urban information for a large region. Additionally, auxiliary data sets used for urbanization studies, such as economic and population increases, were usually collected at the administrative unit scale, lacking adequate spatial details. Therefore, acquiring urban expansion information spanning multiple years for large city clusters using high to medium remote sensing data and socioeconomic statistical data is difficult.



The coarse-resolution nighttime light (NTL) time-series images, derived from the Defense Meteorological Satellite Program’s Operational Linescan System (DMSP/OLS), provide a special perspective on the spatiotemporal changes of urban areas [22,23,24,25]. The capacity of DMSP/OLS NTL imagery for monitoring urban extents has garnered wide attention [26,27,28,29,30]. In particular, a few studies have analyzed urbanization dynamics in China by using the DMSP/OLS NTL imagery [30,31,32,33,34,35]. For example, Liu and He used the data set to extract urban expansion from 1992 to 2008 [32]; Ma and Zhou conducted a comparative study on urbanization dynamics using DMSP/OLS NTL imagery for Chinese cities [33]. By using multi-temporal NTL data, Zhang and Su explored the determinants of urban expansion in 30 major Chinese metropolitans [34]. However, most previous studies focused on comparative analysis of urban expansion across the whole nation or in the coastal region of Eastern China [36,37,38,39]. The urbanization process varies across regions due to the large spatial coverage and complicated landscapes of China, especially between Eastern, Central, and Western China. Quantitative analysis of urban expansion remains relatively rare in the central region of China.



The urban clusters along the Middle Reaches of the Yangtze River (MRYR) include the Chang-Zhu-Tan urban agglomeration, the Wuhan metropolitan area, and the Poyang Lake city cluster. Under the “Rise of Central Region” national strategy, the region has been designated as a new growth area for economic development to help promote new urbanization. Rapid urbanization in the city clusters in MRYR will have profound impacts on the natural and ecological environments in China. Thus, characterizing urban expansion is critical to promote a comprehensive understanding of the urbanization processes in the region. Although a number of studies have been conducted in the region, they only focused on certain cities, such as Wuhan, Nanchang, Zhuzhou, etc., or regions, such as Hubei or Changsha-Zhuzhou-Xiangtan, instead of entire urban clusters in the MRYR [40,41,42,43,44,45]. By extracting urban sprawls and monitoring urban development in an accurate and timely manner, urban expansion and its driving forces can be evaluated, which are of significance to improve urban planning and decision making to support of the goal of sustainable urban development.



Previous studies have proposed some methods for extracting urban extents from NTL imagery [46,47,48]. Among these methods, the thresholding method has been widely used due to its simplicity and reasonable accuracy [49,50]. However, the empirical threshold-based approaches could easily overestimate large urban clusters and underestimate small ones due to saturation and blooming effects. Su and Chen proposed a neighborhood statistics analysis (NSA) method to generate topographic maps and extract built-up areas from NTL images based on the spatial variations between neighboring built-up and non-built-up pixels [51]. The NSA method demonstrated valid extraction abilities for urban patches in selected developing cities [52]. However, some fragments with high NTL values in suburban districts would also be assigned to urban extent, especially in small cities. To address the problem of urban extraction for small- to medium-sized cities in the MRYR region, we combined the NSA method and the local-optimized threshold method to perform urban boundary extraction and sprawl analysis using time-series NTL data. The combined method will be described in Section 3.



The objectives of this study were: (1) to extract urban sprawls and provide a quantitative analysis of the spatiotemporal patterns of urban growth for the city clusters in MRYR; and (2) to explore the driving factors of urban expansion in the region by using an extended STIRPAT model.




2. Study Area and Data


2.1. Study Area


The city clusters in the MRYR are large urban agglomerations located in Central China. On 5 April 2015, the MRYR city clusters development plan was unveiled as the first cross-regional urban agglomeration planning by the State Council of China. The whole region consists of three medium-scale urban agglomerations: the Wuhan metropolitan area in Hubei Province, the Chang-Zhu-Tan urban agglomeration in Hunan Province, and the Poyang Lake city group in Jiangxi Province (Figure 1). The region covers three provincial cities and 27 prefectural-level cities, which connects the relatively developed Eastern China with the developing Western China, and is considered a pillar of the Yangtze River Economic Belt. The total urban land area is about 317,000 square kilometers with total population of 121 million and GDP of 6 trillion Yuan.


Figure 1. Location of the study area: (a) location of the study area in China; (b) the composition of the study area.
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2.2. DMSP/OLS Nighttime Light Data and Preprocessing


The version 4 DMSP/OLS stable NTL data were obtained from the National Geophysical Data Center (NGDC, http://www.ngdc.noaa.gov/dmsp/download.html). There were six sensors collecting NTL data from 1992 to 2013: F10 (1992–1994), F12 (1994–1999), F14 (1997–2003), F15 (2000–2007), F16 (2004–2009), and F18 (2010–2013). Considering the availability of the corresponding socioeconomic data for the time period, we used the NTL data in 1992–2011 (Table 1).



Table 1. Set of annual composites from several satellites for the years 1992–2011.







	
Year

	
Satellite




	
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

	




	
2009

	

	

	

	

	
F162009

	




	
2010

	

	

	

	

	

	
F182010




	
2011

	

	

	

	

	

	
F182011










The digital number (DN) of the NTL images ranges from 0 to 63, which excludes the NTL signal generated by sunlight, moonlight, clouds, and ephemeral events, such as flares and fires. Due to differences in satellite orbits and sensor degradation, measurements of NTL brightness could differ significantly even when the observation target has not changed. To minimize noise and discrepancies, the original DMSP/OLS NTL data needed inter-calibration, intra-annual composition, and inter-annual correction.



The inter-calibration of night stable light data was performed by using a second order regression model provided by Liu et al. [32]. We developed the second-order regression to empirically inter-calibrate the annual nighttime light products to match the composite of F16 in 2007 and obtained the coefficients in the regression model for the annual composites.



After inter-calibration, the corrected NTL data from 1992, 1997, 2002, 2007, 2011 were used. For the years that had two images, the one showing higher inter-calibration correlation was selected. Finally, the NTL images were re-projected to the Lambert Azimuthal Equal Area projection and resampled to 1 km, which were further used to extract the cumulative NTL for each city according to the administrative boundaries.




2.3. Auxiliary Data Sets


Socioeconomic indicators for the 30 cities were obtained from the China Statistics Yearbook 1992–2011 [53], which include urban area, urban population, Gross Domestic Product (GDP), total fixed asset, gross industrial output, and tertiary industry values. However, the “urban area” reported in the Statistical Yearbook is defined as the urban constructed areas covered by well-established infrastructures, i.e., urban built-ups. The urban area by this definition is smaller than the actual urban area [32,33]. Therefore, Landsat TM imagery was used to assess the NTL-derived urban area, because the spatial resolution of Landsat TM data (30 m) is much finer than that of NTL data (1 km).



Considering the accessibility of cloud free Landsat TM images and the heterogeneity of urban development in the study area, we selected the images from 2009 to extract reference urban areas for five cities (Yueyang, Xiangtan, Zhuzhuo, Jingdezheng, and Xiangyang) and from 1995 and 2009 for three provincial cities (Changsha, Wuhan, and Nanchang).





3. Methodology


The methodology in this study included three steps: extracting urban extents from 1992 to 2011, analyzing the spatiotemporal patterns of urban expansion based on urban expansion intensity, direction, and landscape metrics, and exploring the driving factors of urbanization.



3.1. Extraction of Urban Extents


The neighborhood statistics analysis (NSA) and the local-optimized threshold method were used to extract urban extents. The combined method includes four steps: (1) identifying the demarcation ribbons between urban and rural areas through analysis of neighborhood statistics; (2) distinguishing the transition zone between urban and non-urban areas; (3) determining the local-optimized threshold in the transition zone for every city; and (4) extracting urban areas and conducting an accuracy assessment (Figure 2).


Figure 2. The flowchart of extracting the built-up urban extents.
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The first two steps were adopted from the NSA method proposed by Su and Chen [51]. To exclude false urban fragments, we added two conditions to pinpoint the transition zones in the second step. One condition concerns whether or not the demarcation ribbons were closed and the other assessed whether or not the demarcation pixels in the transition zones had expanded outward since the previous year. When the two conditions were satisfied, the demarcation pixels would be assigned as transition zones. The third step was obtaining the local-optimized threshold value in transition zones for every city. By considering the temporal variation of the threshold, we obtained the thresholds for each city in 1992, 1997, 2002, 2007, and 2011. Meanwhile, urban areas were extracted by the local-optimized threshold.



In order to assess the accuracy of the extracted urban areas, they were validated by comparison with urban extent delineation from Landsat TM images. Multiple Landsat TM data from 1995 and 2009 were selected to evaluate the dynamics of urban expansion in the MRYR extracted using NTL data. We obtained the raster result layers from the two source images. To match the two results, we converted the two-raster layers to the same resolution to enable the subtraction of urban pixels in ArcGIS. According to the intersection, we quantitatively obtained the similarities and differences between the two result layers and assessed the accuracy of the urban area extraction results from the NTL image.




3.2. Spatiotemporal Analysis of Urban Expansion


3.2.1. Urban Expansion Intensity


The urban expansion intensity index (UEII) was calculated to estimate the spatial distribution of urban sprawl in different times. The index is defined as:


[image: ]



(1)




where UEII represents the expansion intensity for the urban built-up area of a spatial unit during the time span t and t + i years. UDNt+i and UDNt represent the number of pixels within the urban built-up area at times t + i and t, respectively, and SDN stands for the total number of pixels in the spatial unit. By considering distinct urban development levels within each city cluster, we calculated UEII at three spatial scales: whole region, urban agglomeration, and city scales. The UEIIs were divided into four periods: (1) 1992–1997, (2) 1997–2002, (3) 2002–2007, and (4) 2007–2011.




3.2.2. Expansion Direction


Identifying urban growth directions improves the understanding of the spatiotemporal characteristics of urban development. This study adopted the gravity center of the urban area over the selected years to indicate the direction of urban expansion. The coordinates of the gravity center of urban land are calculated as:


[image: ]



(2)




where X and Y represent the longitude and latitude of the center of gravity, respectively, xi and yi denote the longitude and latitude of the ith grid, respectively, and DNi is the gray value of the ith grid. Accordingly, we identified three types of urban expansion, which corresponded to the movement of urban centers on three spatial scales.




3.2.3. Landscape Metrics


Urban compactness is one of the major indicators of sustainable urban development that has been widely used to measure urban forms [54,55]. Meanwhile, fractal dimension can measure the degree of irregularity of urban land uses [56]. Thus, two landscape metrics, compactness ratio and fractal dimension, were employed to quantify the form of the evolution of urban expansion. Compactness ratio is calculated as:
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(3)




where C denotes the compactness of the urban built-up area for a city, A represents the urban land area, and P is the perimeter of urban built-up area. C ranges from 0 to 1, with a greater C value indicating a more compact city. The internal space of a city is highly compacted if C equals 1, while it is loosely organized when C approaches to 0.



Fractal dimension is calculated as:


[image: ]



(4)




where St is the fractal dimension for a city at year t, Pt represents the peripheral perimeter of the urban area within a city at year t, and At stands for the urban area of the corresponding city. Empirically, the value of St is between 0 and 2, with a larger St indicating a more complex and irregular urban area shape.





3.3. Relationship between NTL Intensity and Urbanization Variables


Time-series NTL intensity can potentially reflect the characteristics of the urbanization process [57,58]. Diverse statistical models have been proposed to explore the relationship between DMSP/OLS NTL brightness and urbanization indicators, such as population, economic activity, and land-use change [33,59]. However, the contribution of various urbanization factors to the variations in NTL brightness has received less attention. Thus, we attempted to investigate the relationship between potential driving factors of urbanization and nighttime light brightness in three capital cities, Wuhan, Changsha, and Nanchang, by using a modified STIRPAT model.



The STochastic Impacts by Regression on Population, Affluence and Technology (STIRPAT) model, which originated in ecology, is used to quantify the stochastic impacts of population, affluence, and technology [60,61]:
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(5)




where I indicates the influence of environment; P, A, and T denote the factors of population, wealth, and technology, respectively; a is the coefficient term; b, c, and d are the indices of population, wealth, and technological factors, respectively, and e represents the stochastic error.



The STRIPAT model has been widely used in studies of water resources, land resources, energy consumption, and environmental stress [62]. Considering the nonlinear relationship between the NTL brightness and urbanization dynamics, the quantitative relational model between urban land expansion and its driving factors could be built by the STRIPAT model. The model can be converted into the following logarithm model:
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(6)







As the time-series NTL brightness characterizes the spatiotemporal trend of urban expansion, we expanded the STIRPAT model to build the quantitative relationship between NTL brightness and multiple urbanization variables as follows:
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(7)




where L is the NTL brightness represented by the summation of NTL DN in the lit urban area, K is a constant, D is gross domestic product (GDP), P represents the non-agricultural population as urban population size, U denotes urban constructed area as the index of well-established infrastructures, I is industrial output which measures the degree of urban industrialization, E is the total investment in fixed assets as a policy factor, and S is tertiary industry as the service factor. ε is stochastic parameters; a1, a2, a3, a4, a5, and a6 are the elastic coefficients. A 1% increase of P, D, I, E, U, and S would cause the growth of L by a1%, a2%, a3%, a4%, a5%, and a6%, respectively.



As potential driving factors of urban expansion, the urban development variables could potentially be related to the temporal changes of NTL. Six urban development variables were chosen to carry out partial correlation analysis with NTL brightness. For this analysis, three capital cities were selected: Wuhan, Changsha, and Nanchang. The selected driving factors were normalized after the logarithm and principle components were generated. Then, a linear relationship between the principle components and NTL was established by the least square method.



The principal components were calculated as:
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(8)




where F1 represents principal components; ZD, ZP, ZI, ZE, ZU, and ZS are normalized variables corresponding to D, P, I, E, U, and S after the logarithm respectively; and wi represents the corresponding elastic coefficients.





4. Results


4.1. Urban Spatial Sprawl and Accuracy Assessment


Figure 3 shows the urban extents of 30 cities in MRYR in 1992, 1997, 2002, 2007, and 2011. Visually, every city experienced urban sprawl, but with different spatial and temporal characteristics. The response of NTL to the increase in urban area also varied across cities over time.


Figure 3. Extracted urban areas along the Middle Reaches of the Yangtze River (MRYR) in 1992, 1997, 2002, 2007, and 2011.
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Figure 4 shows the optimal threshold for each city in different years. The difference among the optimal threshold can reflect the diversity in urbanization level within the city cluster. From Figure 4, the threshold representing the lightness of urban lit areas in every city continually increased from 1992 to 2011. Figure 3 further shows that the trend of urban sprawl was consistent with the increase in NTL luminous intensity. Due to the rapid development of urbanization in China in the period of 2002–2011, the value of the optimal threshold increased rapidly in all cities. This was especially true in Wuhan, Changsha, and Nanchang, where higher threshold values appeared to show the urban expansion in the provincial capital cities grew faster than prefecture cities during the same period.


Figure 4. Optimal threshold value used to extract urban extents for 30 cities in MRYR in different years.
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Figure 5 shows the NTL-extracted urban areas in 2009. It reveals that urban areas extracted from NTL data were reasonably consistent with those from Landsat TM data, with an overall accuracy (OA) of 81.74% and a Kappa of 0.40 (Figure 5). Additionally, NTL-derived urban expansion in the three capital cities from 1995 to 2009 were more accurate, with an average OA of 88.25% and an average Kappa of 0.45 (Figure 6).


Figure 5. Accuracy assessment of extracted urban areas from nighttime light (NTL) data through comparison with the classified maps of Landsat TM images in 2009.
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Figure 6. Accuracy assessment of urban expansion in provincial capital cities from 1995 to 2009.
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4.2. Spatiotemporal Variations in Urban Expansion


4.2.1. Dynamic of Urban Expansion Intensity


Table 2 and Figure 7a show that urban expansion in the entire city cluster was relatively weak during the period 1992–2002. However, urbanization increased after 2002, with the UI value increasing rapidly from 2002 to 2007 and decreasing gradually between 2007 and 2011. UI values varied among the three urban agglomerations or provincial cities (Figure 7b), indicating distinct development stages at different spatial units within the city cluster. The urban expansion intensity change for the Wuhan Metropolitan area was more similar to that of the entire cluster than other urban agglomerations. This reveals that change in urban area in the Wuhan Metropolitan area had the largest influence on the evolution of the urban spatial pattern for the whole city cluster. Meanwhile, UI curves of the provincial cities reflect their relatively higher influence on their corresponding urban agglomeration (Figure 7b,c).


Figure 7. Changes in urban expansion intensity over different time periods: (a) the overall city cluster, (b) the urban agglomeration, and (c) the provincial cities.



[image: Remotesensing 09 01007 g007]






Table 2. Number of urban pixels on different spatial scales.







	
Units

	
Total Pixels

	
Number of Urban Pixels




	
1992

	
1997

	
2002

	
2007

	
2011






	
Wuhan

	
11,404

	
194

	
205

	
214

	
428

	
502




	
Changsha

	
8495

	
104

	
112

	
131

	
157

	
274




	
Nanchang

	
7408

	
65

	
88

	
89

	
111

	
210




	
Wuhan metropolitan area

	
58,202

	
353

	
381

	
463

	
697

	
771




	
Chang-Zhu-Tan urban agglomeration

	
27,880

	
202

	
211

	
247

	
308

	
431




	
Poyang Lake city group

	
50,044

	
223

	
288

	
316

	
470

	
588




	
All cities

	
308,679

	
1084

	
1244

	
1535

	
2105

	
2645










Urban expansion intensity exhibited significant differences among different urban scales during different periods (Figure 7b,c). The major increase in UI value occurred in 2002–2007 for the Wuhan metropolitan area and Poyang lake city group. However, the UI value of the Chang-Zhu-Tan urban agglomeration continued to rise during the two decades and a major increase occurred in 2007–2011. Meanwhile, the three provincial cities exhibited different patterns of urban expansion.




4.2.2. Urban Expansion Direction


Figure 8 shows the shift in the centroid of urban areas of the entire city cluster along the MRYR, which was located in the city of Xianning from 1992 to 2011. Although the centroid tended to shift firstly from south to north in 1992–2001 and moved toward the east in 2007, it experienced an inverse change from north to south for the period of 2007–2011. This implies that the gravity center has been steady. Figure 9 shows the gravity centre movement of urban areas in the three urban agglomerations. The gravity centroid for each agglomeration shifted within its corresponding capital city from 1992 to 2011. Figure 10 shows the urban expansion pattern for the core cities, indicating a radial expansion pattern for each city.


Figure 8. The trajectory of the gravity center of the urban area in the city cluster from 1992 to 2011.
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Figure 9. The trajectory of the gravity center of urban extents in three urban agglomerations: (a) Wuhan metropolitan area, (b) Poyang lake city group, and (c) Chang-Zhu-Tan urban agglomeration.
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Figure 10. Urban expansion in three provincial capital cities in the MRYR from 1992 to 2011.
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4.2.3. Urban Expansion Form


Figure 11 shows the urban compactness of each city in 1992, 1997, 2002, 2007, and 2011. The compactness for most cities ranged from 0.6 to 0.8, indicating that the urban extent in these cities was relatively compact during 1992–2011. Significant changes in urban compactness were observed in certain cities with rapid urban expansion. For example, in Wuhan, the compactness decreased from 0.66 to 0.51 from 2002 to 2007 when urban expansion intensity was greater than in other time periods. However, the compactness ratio increased in 2007–2011 with the urban expansion intensity decreasing gradually. Table 3 shows that the fractal dimension for all cities ranged from 1 to 1.4, indicating that the entire city cluster had a regular urban boundary. The small change in fractal dimension for the urban boundary of every city in 1992–2011 also reveals that urban development remained smooth and steady during the study period.


Figure 11. Compactness ratio of each city at different times.
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Table 3. Fractal dimension of the urban boundary of each city in 1992, 1997, 2002, 2007, and 2011.







	
City

	
Fractal Dimension




	
1992

	
1997

	
2002

	
2007

	
2011






	
Zhuzhou

	
1.129

	
1.139

	
1.141

	
1.091

	
1.101




	
Changsha

	
1.128

	
1.125

	
1.110

	
1.125

	
1.117




	
Yueyang

	
1.333

	
1.196

	
1.191

	
1.125

	
1.139




	
Yingtan

	
1.262

	
1.204

	
1.161

	
1.158

	
1.181




	
Yiyang

	
1.136

	
1.163

	
1.116

	
1.131

	
1.131




	
Yichun

	
1.235

	
1.262

	
1.262

	
1.128

	
1.226




	
Yichang

	
1.113

	
1.215

	
1.186

	
1.083

	
1.241




	
Xinyu

	
1.265

	
1.196

	
1.123

	
1.112

	
1.109




	
Xiaogan

	
1.180

	
1.226

	
1.139

	
1.136

	
1.133




	
Xiangyang

	
1.152

	
1.152

	
1.220

	
1.151

	
1.140




	
Xiangtan

	
1.221

	
1.205

	
1.106

	
1.125

	
1.101




	
Xianling

	
1.365

	
1.088

	
1.116

	
1.178

	
1.083




	
Xiantao

	
1.443

	
1.265

	
1.238

	
1.183

	
1.179




	
Wuhan

	
1.135

	
1.217

	
1.196

	
1.179

	
1.139




	
Tianmen

	
1.179

	
1.140

	
1.271

	
1.144

	
1.131




	
Shangrao

	
1.111

	
1.322

	
1.136

	
1.168

	
1.135




	
Qianjiang

	
1.306

	
1.140

	
1.120

	
1.197

	
1.177




	
Pingxiang

	
1.156

	
1.085

	
1.235

	
1.089

	
1.116




	
Nanchang

	
1.116

	
1.099

	
1.094

	
1.125

	
1.112




	
Loudi

	
1.177

	
1.149

	
1.127

	
1.118

	
1.118




	
Jiujiang

	
1.345

	
1.253

	
1.234

	
1.237

	
1.216




	
Jingdezheng

	
1.156

	
1.125

	
1.100

	
1.262

	
1.204




	
Jingzhuo

	
1.248

	
1.253

	
1.168

	
1.176

	
1.153




	
Jingmen

	
1.236

	
1.190

	
1.129

	
1.135

	
1.170




	
Huangshi

	
1.239

	
1.211

	
1.116

	
1.132

	
1.254




	
Wugang

	
1.283

	
1.283

	
1.104

	
1.111

	
1.168




	
Hengyang

	
1.191

	
1.124

	
1.203

	
1.107

	
1.102




	
Fuzhou

	
1.156

	
1.322

	
1.133

	
1.100

	
1.089




	
Ezhou

	
1.250

	
1.214

	
1.323

	
1.214

	
1.262




	
Changde

	
1.100

	
1.153

	
1.109

	
1.053

	
1.046












4.3. Relationship between Nighttime Light Brightness and Urbanization


In the study, the total value of NTL intensity in a city was defined as the total of DN values within the corresponding NTL-extracted urban area. Figure 12 shows the time-series NTL brightness from 1995 to 2011 for Wuhan, Changsha, and Nanchang. As indicated in Figure 12, the three cities exhibited positive but distinct trends of NTL growth from 1995 to 2011, which further reveals different urban expansion paths, both across cities and between time stages.


Figure 12. Temporal variation of NTL brightness for three provincial capital cities from 1995 to 2011.
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The partial correlation coefficients for all variables for the three capital cities are shown in Table 4. The correlations between NTL brightness and the driving factors were larger than 0.75, which also implies high correlations between independent variables.



Table 4. Correlation between urbanization factors and NTL in three capital cities.







	
Cites

	

	
L

	
D

	
P

	
I

	
E

	
U

	
S






	
Wuhan
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Changsha
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0.784

	
0.839

	
0.804

	
0.79
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0.841
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Note: L is the NTL brightness represented by the summation of NTL DN in the lit urban area; D is GDP; P represents the non-agricultural population; I is the industrial output standing; E stands for total investment in fixed assets; U denotes urban constructed area; and S is tertiary industry.








For Changsha, we calculated the principal components as:
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(9)




where ZD, ZP, ZE, ZI, ZU, and ZS are the normalized variables corresponding to D, E, P, I, U, and S after the logarithm, respectively. We built the linear relationship between the principle components and ZL, representing the normalized variable corresponding to L after the logarithm, by the least square method. The linear relationship between ZL and F1 for Changsha is as follows:
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(10)







Further, we calculated the quantitative relationship between ZL and ZD, ZE, ZP, ZI, ZU, and ZS for Changsha as:
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(11)







According to the calculation results, the value of constant K is 1 in the expanded STIRPAT model. Therefore, the corresponding quantitative relationship, based on the expanded STIRPAT model for Changsha, was built as:


[image: ]



(12)







Similarly, we built the STIRPAT model between the evolution of light brightness and urbanization dynamics respectively for Wuhan in Equation (13) and Nanchang in Equation (14).
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(13)
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When GDP, total fixed asset investment, tertiary industry, non-agricultural population, urban constructed area, and industrial output increased by 1%, the average growth of NTL brightness for the three cities was 0.1767%, 0.1767%, 0.1750%, 0.1732%, 0.1699%, and 0.1519%, respectively. The model results reveal the contribution order of the six urbanization factors on the NTL brightness. GDP and total fixed asset investment had the largest significant influence on the NTL brightness. Meanwhile, with the rapid development of high-tech industry, the tertiary industry has notably become an important factor controlling the NTL intensity in the study area.





5. Discussion


NTL information provides an accurate, economic, and direct way to monitor the development of urban areas [25,26,27,28]. Urban extent can be directly related to spatially luminous area derived from DMSP/OLS images. Time-series nighttime images can be used to measure urban sprawl in a more objective and consistent fashion, compared to the conventional census data. In this study, we combined the neighborhood statistics analysis and the local-optimized threshold method to detect urban expansion in the Middle Reaches of the Yangtze River during 1992–2011 (Figure 3). This combined method not only identified the urban extents from both the large urban areas and small urban patches, but also effectively prevented some fragments in suburban districts from being included in the extracted urban area for small- to medium-sized cities.



In order to assess NTL-derived urban area by this method, we compared the maps with the extracted urban areas from finer-resolution Landsat TM data. Landsat TM data have been widely used to extract the urban area in previous studies, and because of its higher resolution than NTL images (30 m vs. 1 km), it has been used for assessing NTL-derived urban extents [32,50]. Compared with the extracted urban areas from the Landsat TM data, urban sprawls extracted using corrected NTL data well-represented the spatial patterns in the study area. The average OA of urban expansion in the three capital cities from 1995 to 2009 was 88.25% (Figure 6). Compared to related research with an average OA of 86.27% for cities [32], our results are promising at the city level.



However, we also recognized the urban area extracted from either the TM data or NTL data may have errors. The possibility and uncertainty of using Landsat data to evaluate NTL-derived urban extents has been discussed in many studies [32,50]. The major sources of uncertainty can be categorized as follows: (1) difference between impervious surfaces and NTL-based urban definitions; and (2) limitations of DMSP OLS NTL data including coarse spatial resolution, saturation and blooming effects, and lacking an onboard calibration system. In addition, although Landsat TM data has proved feasible and acceptable for extracting urban areas, the available images contain uncertainties because of weather effects. Meanwhile, the data pre-processing process with geometric correction and resolution conversion inevitably will cause a loss of image fidelity.



From the spatiotemporal analysis of urban expansion viewpoint, we chose urban expansion intensity, direction, and form to show various spatial characteristics of urban extents at different spatial scales and different periods. Our results revealed the spatiotemporal heterogeneity of urban expansion in some cases. The results offer preliminary trend-analysis of the urbanization processes at the overall urban cluster level and the urban agglomeration level, as well as at the city level, which is vital for determining the drivers of local urban size changes. Further, the expanded STRIPAT model results indicated how long-term DMSP/OLS NTL brightness is affected by urban development factors driving the urbanization process. The main factors were gross domestic product, followed by total investment in fixed assets, tertiary industry, urban constructed area, non-agricultural population, and industrial output, although the statistical data may have some errors. The study could provide important insights for decision-making analysis in the future urbanization processes in the MRYR region.




6. Conclusions


In this study, we mapped the expansion of urban clusters in the MRYR by using time-series NTL images. Urban dynamics were investigated by combining neighborhood statistics analysis (NSA) with the local-optimized threshold method, with an overall accuracy of 81.7%. The results revealed that urban areas expanded significantly in the region during the period of 1992 to 2011, and that all cities exhibited dramatic growth in the past twenty years. However, the spatiotemporal heterogeneity of urban expansion existed at different spatial scales and in different time periods. The expansion of urban land was relatively slow in 1992–2002, but increased in 2002–2007, and then slowed down after 2007. Urban expansion direction and form also showed various spatial characteristics of urban extents at different spatial scales and across temporal stages. Overall, the city clusters in the MRYR region displayed a compact and radial urban expansion model.



Rapid economic development and urbanization were the primary reasons for urban expansion in the city clusters. This study built an expanded STIRPAT model for the three capital cities to investigate the relationship between the NTL brightness and six selected urbanization variables. The results revealed that long-term NTL brightness was affected by urbanization factors. Especially, we found that tertiary industry could be a salient factor in urban expansion in the main cities in the future.







Acknowledgments


This study was funded by the National Key R&D Program of China (2017YFC0601503), China Scholarship Council (201308430100), the National Natural Science Foundation of China (41472302 and 41730105) and Project of Innovation-driven Plan in CSU (2015CX008). The authors would like to thank the editors and anonymous referees for their valuable comments and suggestions, which helped improve the manuscript.




Author Contributions


Y.Z. and Q.W. conceived and designed the study. Y.Z., H.P., G.L. and K.Y. collected and processed the data, performed the analysis, and wrote the paper. Y.X. contributed to data analysis and writing. Q.W. edited the draft, and approved the submitted manuscript.




Conflicts of Interest


The authors declare no conflict of interest.




References


	1. 
Imhoff, M.L.; Bounoua, L.; DeFries, R.; Lawrence, W.T.; Stutzer, D.; Tucker, C.J.; Ricketts, T. The consequences of urban land transformation on net primary productivity in the United States. Remote Sens. Environ. 2004, 89, 434–443. [Google Scholar] [CrossRef]

	2. 
Cohen, B. Urbanization in developing countries: Current trends, future projections, and key challenges for sustainability. Technol. Soc. 2006, 28, 63–80. [Google Scholar] [CrossRef]

	3. 
Montgomery, M. The urban transformation of the developing world. Science 2008, 319, 761–764. [Google Scholar] [CrossRef] [PubMed]

	4. 
Triantakonstantis, D.; Mountrakis, G. Urban Growth Prediction: A Review of Computational Models and Human Perceptions. J. Geogr. Inf. Syst. 2012, 4, 555–587. [Google Scholar] [CrossRef]

	5. 
Li, Y. Urban-rural Linkages and Spatial-temporal Land Use Change in Beijing-Tianjin-Hebei Metropolitan Region: A New Perspective. Sustain. Dev. 2011, 4, 61–72. [Google Scholar] [CrossRef]

	6. 
Xie, Y.; Fang, C.; Lin, G.; Gong, H.; Qiao, B. Tempo-Spatial Patterns of Land Use Changes and Urban Development in Globalizing China: A Study of Beijing. Sensors 2007, 7, 2881–2906. [Google Scholar] [CrossRef] [PubMed]

	7. 
Milesi, C.; Elvidge, C.D.; Nemani, R.R.; Running, S.W. Assessing the impact of urban land development on net primary productivity in the southeastern United States. Remote Sens. Environ. 2003, 86, 401–410. [Google Scholar] [CrossRef]

	8. 
Alberti, M. The effects of urban patterns on ecosystem function. Int. Reg. Sci. Rev. 2005, 28, 168–192. [Google Scholar] [CrossRef]

	9. 
Xie, Y.; Weng, Q. World energy consumption pattern as revealed by DMSP-OLS nighttime light imagery. Gisci. Remote Sens. 2015, 53, 265–282. [Google Scholar] [CrossRef]

	10. 
Zhou, Y.; Zhang, L. China’s urban economic regions in the open context. Acta Geogr. Sin. 2003, 58, 271–284. (In Chinese) [Google Scholar]

	11. 
Ghosh, T.; Anderson, S.; Powell, P.L.; Sutton, P.C.; Eividge, C.D. Estimation of Mexico’s Informal Economy and Remittances Using Nighttime Imagery. Remote Sens. 2009, 1, 418–444. [Google Scholar] [CrossRef]

	12. 
Liu, J.; Zhang, Z.; Xu, X.; Kuang, W.; Zhou, W.; Zhang, S.; Li, R.; Yan, C.; Yu, D.; Wu, S. Spatial patterns and driving forces of land use change in China during the early 21st century. J. Geogr. Sci. 2010, 20, 483–494. [Google Scholar] [CrossRef]

	13. 
Yi, K.; Zeng, Y.; Wu, B. Mapping and evaluation the process, pattern and potential of urban growth in China. Appl. Geogr. 2016, 71, 44–55. [Google Scholar] [CrossRef]

	14. 
Weng, Q. A remote sensing? GIS evaluation of urban expansion and its impact on surface temperature in the Zhujiang Delta, China. Int. J. Remote Sens. 2001, 22, 1999–2014. [Google Scholar]

	15. 
Ji, W.; Ma, J.; Twibell, R.W.; Underhill, K. Characterizing urban sprawl using multi-stage remote sensing images and landscape metrics. Comput. Environ. Urban. Syst. 2006, 30, 861–879. [Google Scholar] [CrossRef]

	16. 
Jat, M.K.; Garg, P.K.; Khare, D. Monitoring and modeling of urban sprawl using remote sensing and GIS techniques. Int. J. Appl. Earth Obs. Geoinf. 2008, 10, 26–43. [Google Scholar] [CrossRef]

	17. 
Weng, Q. Remote sensing of impervious surfaces in the urban areas: Requirements, methods, and trends. Remote Sens. Environ. 2012, 117, 34–49. [Google Scholar] [CrossRef]

	18. 
Liu, J.; Zhang, Q.; Hu, Y. Regional differences of China’s urban expansion from late 20th to early 21st century based on remote sensing information. Chin. Geogr. Sci. 2012, 22, 1–14. [Google Scholar] [CrossRef]

	19. 
Taubenböck, H.; Wegmann, M.; Roth, A.; Mehl, H.; Dech, S. Urbanization in India—Spatiotemporal analysis using remote sensing data. Comput. Environ. Urban. Syst. 2009, 33, 179–188. [Google Scholar] [CrossRef]

	20. 
Hansen, C.M.; Loveland, R.T. A review of large area monitoring of land cover change using Landsat data. Remote Sens. Environ. 2012, 122, 66–74. [Google Scholar] [CrossRef]

	21. 
Hu, X.; Weng, Q. Impervious surface area extraction from IKONOS imagery using an object-based fuzzy method. Geocarto Int. 2011, 26, 3–20. [Google Scholar] [CrossRef]

	22. 
Elvidge, C.D.; Imhoff, M.L.; Baugh, K.E.; Hobson, V.R.; Nelson, I.; Safran, J.; Dietz, J.B.; Tuttle, B.T. Night-time lights of the world: 1994–1995. ISPRS J. Photogramm. Remote Sens. 2001, 56, 81–99. [Google Scholar] [CrossRef]

	23. 
Sutton, P.C. A scale-adjusted measure of “urban sprawl” using nighttime satellite imagery. Remote Sens. Environ. 2003, 86, 353–369. [Google Scholar] [CrossRef]

	24. 
Amaral, S.; Camara, G.; Miguel, A.; Monteiro, V.; Quintanilha, J.A.; Elvidge, C.D. Estimating population and energy consumption in Brazilian Amazonia using DMSP night-time satellite data. Comput. Environ. Urban. Syst. 2005, 29, 179–195. [Google Scholar] [CrossRef]

	25. 
Keola, S.; Andersson, M.; Hall, O. Monitoring economic development from space: Using nighttime light and land cover data to measure economic growth. World Dev. 2015, 66, 322–334. [Google Scholar] [CrossRef]

	26. 
Henderson, M.; Yeh, E.T.; Gong, P.; Elvidge, C.; Baugh, K. Validation of urban boundaries derived from global night-time satellite imagery. Int. J. Remote Sens. 2003, 24, 595–609. [Google Scholar] [CrossRef]

	27. 
He, C.; Shi, P.; Li, J.; Chen, J.; Pan, Y.; Li, J.; Zhuo, L.; Ichinose, T. Restoring urbanization process in China in the 1990s by using non-radiance-calibrated DMSP/OLS nighttime light imagery and statistical data. Chin. Sci. Bull. 2006, 51, 1614–1620. [Google Scholar] [CrossRef]

	28. 
Zhou, Y.; Smith, S.J.; Zhao, K.; Imhoff, M.; Thomson, A.; Bond-Lamberty, B.; Asrar, G.R.; Zhang, X.; He, C.; Elvidge, C.D. A global map of urban extent from nightlights. Environ. Res. Lett. 2015, 10, 054011. [Google Scholar] [CrossRef]

	29. 
Jing, W.; Yang, Y.; Yue, X.; Zhao, X. Mapping urban areas with integration of DMSP/OLS nighttime light and MODIS data using machine learning techniques. Remote Sens. 2015, 7, 12419–12439. [Google Scholar] [CrossRef]

	30. 
Liu, L.; Tang, L. Measuring urban sprawl in China by night time light images. IOP Conf. Ser. Earth Environ. Sci. 2017, 52, 012111. [Google Scholar] [CrossRef]

	31. 
Zhang, Q.; Seto, K.C. Mapping urbanization dynamics at regional and global scales using multi-temporal DMSP/OLS nighttime light data. Remote Sens. Environ. 2011, 115, 2320–2329. [Google Scholar] [CrossRef]

	32. 
Liu, Z.; He, C.; Zhang, Q.; Huang, Q.; Yang, Y. Extracting the dynamics of urban expansion in China using DMSP-OLS nighttime light data from 1992 to 2008. Landsc. Urban Plan. 2012, 106, 62–72. [Google Scholar] [CrossRef]

	33. 
Ma, T.; Zhou, C.H.; Pei, T.; Haynie, S.; Fan, J.F. Quantitative estimation of urbanization dynamics using time series of DMSP/OLS nighttime light data: A comparative case study from China’s cities. Remote Sens. Environ. 2012, 124, 99–107. [Google Scholar] [CrossRef]

	34. 
Zhang, Q.W.; Su, S.L. Determinants of urban expansion and their relative importance: A comparative analysis of 30 major metropolitans in China. Habitat Int. 2016, 58, 89–107. [Google Scholar] [CrossRef]

	35. 
Xie, Y.; Weng, Q. Detecting urban-scale dynamics of electricity consumption at Chinese cities using time-series DMSP-OLS (Defense Meteorological Satellite Program-Operational Linescan System) nighttime light imageries. Energy 2016, 100, 177–189. [Google Scholar] [CrossRef]

	36. 
Fan, J.; Ma, T.; Zhou, C.; Zhou, Y.; Xu, T. Comparative estimation of urban development in China’s cities using socioeconomic and DMSP/OLS night light data. Remote Sens. 2014, 6, 7840–7856. [Google Scholar] [CrossRef]

	37. 
Gao, B.; Huang, Q.; He, C.; Sun, Z.; Zhang, D. How does sprawl differ across cities in China? A multi-scale investigation using nighttime light and census data. Landsc. Urban Plan. 2016, 148, 89–98. [Google Scholar] [CrossRef]

	38. 
Shao, Z.; Liu, C. The integrated use of DMSP-OLS nighttime light and MODIS data for monitoring large-scale impervious surface dynamics: A case study in the Yangtze River Delta. Remote Sens. 2014, 6, 9359–9378. [Google Scholar] [CrossRef]

	39. 
Xu, X.; Min, X. Quantifying spatiotemporal patterns of urban expansion in China using remote sensing data. Cities 2013, 35, 104–113. [Google Scholar] [CrossRef]

	40. 
Ling, S.G.; Jiao, W.L.; Long, T.F.; Liu, H.C.; Yi, Y.Q.; Wu, M.M.; Wang, W.; He, G.J. Analysis of spatial and temporal characteristics of urban expansion about Wuhan city in the year of 2000–2014. Resour. Environ. Yangtze Basin 2016, 25, 1034–1042. (In Chinese) [Google Scholar]

	41. 
Xin, X.; Liu, B.; Di, K.C.; Zhu, Z.; Zhao, Z.Y.; Liu, J.; Yue, Z.Y.; Guo, Z. Monitoring urban expansion using time series of night-time light data: A case study in Wuhan, China. Int. J. Remote Sens. 2017, 6, 1–19. [Google Scholar] [CrossRef]

	42. 
Peng, S.X.; Lin, J.; Bao, G.S.; Chen, B.S. A study of Changsha-Zhuzhou-Xiangtan urban extension based on remote sensing. Remote Sens. Land Resour. 2005, 17, 74–77. (In Chinese) [Google Scholar]

	43. 
Zuo, L.J.; Zhang, Z.X.; Tan, W.B.; Wang, C.Y. Analysis on the Urban Land Use Sprawl and Its Driving Forces by Using Remote Sensing and GIS: The Case of Nanchang City, China. Geo-Inform. Sci. 2007, 9, 116–122. (In Chinese) [Google Scholar]

	44. 
Zheng, W.; Run, J.; Zhuo, R.; Wang, X. Evolution process of urban spatial pattern in Hubei Province based on DMSP/OLS nighttime light data. Chin. Geogr. Sci. 2016, 26, 366–376. [Google Scholar] [CrossRef]

	45. 
Zeng, Y.N.; He, L.L.; Jin, W.P.; Wu, K.J.; Xu, Y.Y.; Yu, F.F. Quantitative Analysis of the Urban Expansion Models in Changsha-Zhuzhou-Xiangtan Metroplan Areas. Sci. Geogr. Sin. 2012, 32, 544–549. (In Chinese) [Google Scholar]

	46. 
Cao, X.; Chen, J.; Imura, H.; Higashi, O. A SVM-based method to extract urban areas from DMSP-OLS and SPOT VGT data. Remote Sens. Environ. 2009, 113, 2205–2209. [Google Scholar] [CrossRef]

	47. 
Zhang, X.; Li, P.; Cai, C. Regional urban extent extraction using multi-sensor data and one-class classification. Remote Sens. 2015, 7, 7671–7694. [Google Scholar] [CrossRef]

	48. 
Dou, Y.; Liu, Z.; He, C.; Yue, H. Urban Land Extraction Using VIIRS Nighttime Light Data: An Evaluation of Three Popular Methods. Remote Sens. 2017, 9, 175. [Google Scholar] [CrossRef]

	49. 
Zhou, Y.; Smith, S.J.; Elvidge, C.D.; Zhao, K.; Thomson, A.; Imhoff, M. A cluster-based method to map urban area from DMSP/OLS nightlights. Remote Sens. Environ. 2014, 147, 173–185. [Google Scholar] [CrossRef]

	50. 
Xie, Y.; Weng, Q. Updating urban extents with nighttime light imagery by using an object-based thresholding method. Remote Sens. Environ. 2016, 187, 1–13. [Google Scholar] [CrossRef]

	51. 
Su, Y.; Chen, X.; Wang, C.; Zhang, H.; Liao, J.; Ye, Y.; Wang, C. A new method for extracting built-up urban areas using DMSP-OLS nighttime stable lights: A case study in the Pearl River Delta, southern China. Gisci. Remote Sens. 2015, 52, 218–238. [Google Scholar] [CrossRef]

	52. 
Su, Y.; Chen, X.; Li, Y.; Liao, J.; Ye, Y.; Zhang, H.; Huang, N.; Kuang, Y. China’s 19-year city-level carbon emissions of energy consumptions, driving forces and regionalized mitigation guidelines. Renew. Sustain. Energy Rev. 2014, 35, 231–243. [Google Scholar] [CrossRef]

	53. 
National Bureau of Statistics of China. China Statistical Yearbook; China Statistics Press: Beijing, China, 1992–2011. [Google Scholar]

	54. 
Fang, C.; Weifeng, Q.; Song, J. Researches on Comprehensive Measurement of Compactness of Urban Agglomerations in China. Acta Geogr. Sin. 2008, 63, 1011–1021. [Google Scholar]

	55. 
Triantakonstantis, D.; Stathakis, D. Examining urban sprawl in Europe using spatial metrics. Geocarto Int. 2015, 30, 1092–1112. [Google Scholar] [CrossRef]

	56. 
Batty, M.; Longley, P.A. The morphology of urban land use. Environ. Plan. B 1988, 15, 461–488. [Google Scholar] [CrossRef]

	57. 
Gao, B.; Huang, Q.; He, C.; Ma, Q. Dynamics of urbanization levels in China from 1992 to 2012: Perspective from DMSP/OLS nighttime light data. Remote Sens. 2015, 7, 1721–1735. [Google Scholar] [CrossRef]

	58. 
Xu, T.; Ma, T.; Zhou, C.; Zhou, Y. Characterizing spatio-temporal dynamics of urbanization in China using time series of DMSP/OLS night light data. Remote Sens. 2014, 6, 7708–7731. [Google Scholar] [CrossRef]

	59. 
Triantakonstantis, D.; Stathakis, D. Cokriging areal interpolation for estimating economic activity using night-time light satellite data. In Computational Science and Its Applications—Iccsa 2014; Murgante, B., Misra, S., Rocha, A., Torre, C., Rocha, J.G., Falcao, M.I., Taniar, D., Apduhan, B.O., Gervasi, O., Eds.; Springer: Berlin, Germany, 2014; Volume 8582, pp. 243–252. [Google Scholar]

	60. 
York, R.; Rosa, E.A.; Dietz, T. STIRPAT, IPAT and ImPACT: Analytic tools for unpacking the driving forces of environmental impacts. Ecol. Econ. 2003, 46, 351–365. [Google Scholar] [CrossRef]

	61. 
York, R.; Rosa, E.A.; Dietz, T. A rift in modernity? Assessing the anthropogenic sources of global climate change with the STIRPAT model. Int. J. Sociol. Soc. Policy 2003, 23, 31–51. [Google Scholar] [CrossRef]

	62. 
Huang, R.; Wang, Z. Influencing factors of carbon emissions from energy consumptions in Chongqing based on STIRPAT model. Acta Sci. Circum. 2013, 33, 602–608. [Google Scholar]







































© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).







media/file13.jpg
oy opwoso
[r—

e i ™
Ropt

[r—

Rt






media/file4.png
Calibrated DMSP/OLS

NTL data
Y )
Identify the demarcation ribbon between urban and rural area by the
neighborhood statistics analysis method
J

Distinguish the transition z¢ne between urban areas and

non-urban areas py two conditions

v

» Empirical threshold
No
The demarcation No
ribbons are closed
The demarcation
ribbons are expanding
4 N

Obtain the optimum threshold by neighborhood statistics

analysis in the transition zone

\ 4

Extract the built-up urban area

: . \

Accuracy assessment by comparison with Landsat TM

images






media/file18.png
111°E
1

114°E
1

33°N-

30°N-

27°NA

Xiangyang

260 390
1 km

-33°N

-30°N

-27°N

1
111°E

I
117°E

113°45'E 113°51'E 113°57'E
1 1 1
29°27'N- 2002 2007 -29°27'N
29°24'N- ianning £29024'N
1997
29921'N- 1992 2011 [29°21'N
1 1 1
113°45'E 113°51'E 113°57'E





media/file26.png
—opbueyn
-noyz3
-noyzn4
—bueAusH
—buebbuenH
—ysbueny
—uawbulpr
-noyzbuip
—uayzapbuil
—buellnip
—pnoT
—bueyosueN
—Bueixbuid
~buellueld
—oelbueys
—Uawiuel |
—~UBYNAA
—oejueIX
—buluuery
—uejbuelry
—bueAbuery
~ueboely
~-NAUIY
—Bueyoi A
—UNYoIA
—Buehi A
—ue)bul A
—Bueian A
—eysbueyn
-noyznyz

oljels joedwod





media/file27.jpg
Total Value of night light (10%)
R A Gl
w5 b B B8

o

- Nanchang = Changsha —+ Wuhan

2010

2011






media/file3.jpg
Calibraed DMSPIOLS
N1

iy the demrcation rbbon bt urban and rural area by the
cighborhood satisties anlysis method

Distinguish the transition e between urban arcas and
orurban aress by two condiions.

Empiricl treshold

The demarcation No

ribbons are closed

The demarcation
ibbons are expanding

Obtain he optmum threhold by neighborhood satstcs

analysis in the transi

Accuracyassssment by comparison with Landsat T™
images





media/file22.png
112°E

113°E

29°N+

28°N+

27°NA

26°N+

290N
L28°N
L27oN
L26°N
0 1.5 3 4.5
- km
112°E 113°E 114°E

(c)

113°0'E 113°1'E

28°3'N

28°2'N

28°1'N

113°0'E 113°1'E





media/file20.jpg
n¥E E
E N v

2w 20N

e e e

(c)





media/file19.jpg





media/file28.png
—=—Changsha —+ Wuhan

—+— Nanchang

1102
0102
6002
800T
L00T
9002
S00T
 b00T
£00T
2002
1002
0002
6661
3661
1661
9661
5661

v () v ] v
(q | o — —

(01) WY31] JYSIu Jo anfeA [ejo],

Year





media/file10.png
—=— 1997 —*— 2002 —=—2007 ——2011

—+— 1992

IpPno‘
| Sueix

| apSuey)

| Suekon x

| SuekSuoyg
| ue)Suery

| noyznyz

| eysSuey)

| Suerfueid)

| uowuel],

| oejuery

| Suiuuery

| SueSSuenyy
| noyzsuir

| ueSoery

| wowduir

| noyzz]

| SuelSuery
| Sueyoix

| ysSuenyg

| ueynpy

| oviSueyg

| noyzny

L unypiIg

| ue)Suix

| nkury

| Sueilnig

| Sueixduig
| uoyzopSuir
| SueypueN

anjeA ploysaay,






media/file14.png
Error matrix of the dynamics of urban expansion from 1995 to 2009

™ NTL
extracted using NTL data and Landsat TM data for three cities
Reference(pixels)
Commission
Urban Other Row
error
expansion areas total
Result(pixel)
Urban
76342 37041 113383 32.67%
expansion
Changsha
Other areas 76771 725789 802560 9.57%
Column
153113 762830 915943
total
mm Urban expansion from 1995 to 2009 N Commission " o
== Urban area in 1995 50.14% 4.86%
0 5 10 20 e error
0A=87.58% Kappa=0.50
Reference(pixels)
Commission
Urban Other Row
error
expansion areas total
Result(pixel)
Urban
78417 58130 136547 42.57%
expansion
Nanchang
Other areas 63753 694806 758559 8.41%
Column
102170 752936 895106
total
= Urban expansion from 1995 to 2009 N Commission
™ Urban area in 1995 62.40% 7.13%
0255 10 15 20 2§ error
0A=86.38% Kappa=0.48
Reference(pixels) o
Commission
Urban Other Row
error
expansion areas total
Result(pixel)
Urban
57395 75920 133315 56.94%
expansion
Wuhan
Other areas 79225 1473928 1553153 5.10%
Column
136620 1549848 1686468
total

== Urban expansion from 1995102009 py  Commission

mm Urban area in 1995
0 5 10 20 30 40, error

0A=90.8% Kappa=0.38

57.99% 4.80%






media/file11.jpg





media/file15.jpg
T ——— S r—
| Iy iomiec
(@) ()
o8 ‘Walan ‘Changsha Nanchang
g o[ =
P
i

Tri wrawr amaawn oo
el

(©)






nav.xhtml


  remotesensing-09-01007


  
    		
      remotesensing-09-01007
    


  




  





media/file6.jpg
o i






media/file29.png





media/file16.png
Expansion Intensity index

0.04 0.1
0.035 ~*—Middle Reaches of Yangtze River —— Wuhan metropolitan area
0.03 ] % 0.08 —m— Chang-Zhu-Tan urban agglomeration
. | =
A= |—*—Poyang Lake city group
0.025 £ 0.06 |
0.02 g
0.015 £ 0.04
g
0.01 oy
= 0.02
0.005
0 0 ‘
1992-1997 1997-2002 2002-2007 2007-2011 1992-1997 1997-2002 2002-2007 2007-2011

(a)

Expansion Intensity Index

0.6

(b)

05 |
04 |
03 |
02 |
0.1

—+—Wuhan -—#—Changsha —+—Nanchang

1992-1997 1997-2002 2002-2007 2007-2011
Interval

(c)





media/file2.png
60°E 70°E  80°E  90°E 100°E 110°E 120°E 130°E 140°E  150°E 160°E 110°E 112°E 114°E 116°E 118°E

N r40°N
40°NA
32°N+
Xiaogan,

r30°N L30°N

30°N+
30°N+
r20°N

20°N+

r28°N

o2 \ r10°N
ONJ \ o N
10°N7 Legend 28°N- Legend
- Middle reaches of the Yangtze River ) o / I:’Wuhan .
- S — - - Sy Chang-Zhu-Tan Urban Agglomeration
- ki { : | IPoyang Lake City Group - e s [26°N
0 810 1,620 2,430 3,240 r0° 0 45 90 180 270 360
0°1 o -Other areas
T T T T
80°E 90°E 100°E 110°E 120°E 130°E 110°E 112°E 114°E 116°E 118°E

(a) (b)





media/file23.jpg
a Wuhan Nanchang  J,
e j
Changsha /| W A






media/file5.jpg





media/file7.png
112°E 114°E 116°E 118°E
1992
32°N- ¢ Xlangyang ( i
D o ~ S
y r’/ T N " N
- hngmeﬂ Xlaog%p Huanggang L30°N
_ r:né”nmép - WaRiznou
Yichang A Josn, < ;»& VA \ .
leﬁangxlantam "‘/“Huangshi B SW Nl
r«'ngzhou ™~ \Jlngdeihen ‘
TS o Xlannmgu S .
30°N; g . Jlujlang A~ ] A -
B T;""‘-\,\L e 'h { e _“I ‘i_\ . \Shangrao'
L ; 4}_1aﬂchan'gx )
,.-;4 Changde 5 e l "'K_J_UN gngti'm1 A 28°N
) S < » f"L ,‘/,_N_-H_‘h-/_/ T).‘ chhun F']‘azhou . rr A
leyang J C ng sha I
28ON- ‘II" Loudl :ﬁangtans ngx'a"g
r26°N
112°E 114°F 116°E

110°E

118°E

112‘°E 114‘;°E 116‘°E
o 1997
r‘r_' : a ]
32°N{ _( Xiangyang ) .j'u'ﬂwJ .
Gl -\..,_J""J" NH iR
e o 'J RN ‘
~ 7 lingmen . Xlaogt&? Hﬁanggaﬂg 300N
5 II"‘.I‘ f_rif:l nm eﬂ '( wﬁmou l-...\_\ =
Yichang " O )| N
3 Q]ﬁf]angXlantﬂO\iﬂ ‘Fh,langshp— = ‘—-;—r—" l.l
v ~|ngzhou @ i T e 'ngdez‘hen (
el P A7) N
30°N- ’*/,‘f‘ Jlu_uang ,\ ;‘ :J
pEN [ o 3!
M N omie e
s ’Yue an i J
< Cha'ngde f yang - 1 \Ymgtanw T [28N
,A. LVr___v Raaad 5 chhun szht)u b ot
"Ylyang J Cheangsha 5 7 L L
.__} =) | e [M_q{\,.")_. _Ji/ -E._ le,yu N
pons [ Loudl .Xlangtari Pm'gxlaf]g
’_ Zl‘luzhoﬁ
£ Hengyang e [26°N
\
? yr 9 B}
110°E 112°E 114°E 116°E





media/file24.png
N N

N
Changsha A Wuhan A Nanchang A

Legend
[ 2002 _ [ 2002 _ [ 2002 _
(N . |
B 20 W O . km B 201 N e km B o m





media/file1.jpg
)

(@





media/file25.jpg
Fopsieus
ooz

a0z
e 1997
2 200
2007
2011

fuouzope
Feueror:
o1

Foueouen

foeituer.
Houessuerx
Fuesoerx
o
Feuerrors

..,s;
foueix
- [oesons
o foustans
fontueis
frouenz

09
08
o.
o,
05

ones joedwos





media/file12.png
Landsat TM Data N

E:band’
G :bandd A
B:band3

Urban Area extracted

using TM

B Uibon area

Non-urban area

DMSP OLS NTL Data

M High : 63

Low:0

Urban Area extracted

% RO [ I
1T 1 T T 1 G5

- Utrban area

L 'l"k. - T .‘&,.. ¢ 5 00 Ji. 02 4 SKm 0 25 5 ml(m 025 5 mK.n 0 25 5 lol(m 0 2 4 SKm

0A=8357% 0A=30.47% 0A=3L09%p 0A=30.04%  0A=32.64% 0A=81.23% 0A=84.530%¢ 0A=80.32%p
Kappa=0.41 Kappa=0.28 Kappa=0.39 Kappa=0.35 Kappa=0.43 Kappa=0.26 Kappa=0.44 Kappa=0.40

Accuracy





media/file9.jpg
2002 2000 2011

—a 1997

1092

pnoy
Fuin
ey
Sumfony
P

Suekzumy
Sumpig

.
3
4 ah

anjeA ploysany

0
o

1






media/file0.png





media/file8.png
112°F

114°E 116°E 118°E

112I°E ll‘!°E ll6‘°E ll§°E
B 2002 “ 2007 132oN
‘ ! | \ . % :
o Xlangyang Rl o . O
J2°N- ) e “: L |h“:l J2°NH Xlangyang | ..‘l | _
B - |'_'" b ;] ke _".“| " (N s I_,_A. — | -
E | :
Xlaoga H’uan an L30° Xlao n
ngmen n geang 30°N - g |
) ‘J‘l 7 I Walgang ) ngmen <K, Huanggang
o Timen oo g .
QleiangX1anta ’ﬂjt,langém oA W S - \ '
.—7-’ Jll’nghOl.l . B }"'. ngdethen ( _' . HpﬂﬂgbhF =
SOON' f — / S ) ‘lp \ 300N. o . ) -j' y Xlann]ng L‘ J
e -_l'_]:;Shangl‘ao""‘, ¢ ‘ s l‘uuang P y o &
- Naﬂbhang o) 5 | ! ~Shangrao |
AL 'Ymgm ~ [2%°N Naﬁhang ) /
chhun i Fl;thOu A I _J\ Ymgtan -~ F28°N
. Fuzhﬁm Yt
Xuyu - - 3
289N "
28°N-
Zhuzhmz
. 126°N
Hengyan gl | 2N
P v 7_,-‘| < % / = J . ___: ‘.. | -
P B2E THEE: HoE 110°E 112°E N4°E 116°E
112l°E ll£!°E ll§°E llg"E
2011 AN

32°N

Legend

X]aogap "1_\_”_-.\‘ __,.'
A :' Huanggang

-30°N
E Non-urban area

N

C ' _f anjlangXlan ao

-; J mgzhou
30°N | ’ ;

’,] "" Xlannlng >_. = ) ; Jlnétzhen :!‘
G Ji luuang L
] - A

g m. ;:“'; =

St '1- o

Changde, =i "'Shangra'o"-.‘
— @ ‘ Yueyang )

7 F28°N

~T Sl J ,’,:r chhun

Ylyang - ,~' O’ngsha ?(m!/u ot

28°N7
160 320 480 640

Loud1 N Xaan tan
: gh 80

26°N

110°E 112°F 114°F, - 116°E





media/file17.jpg
Lol Stngnn oo M
engane
o s m s






media/file21.png
1137°E 111°E 115|°E 116|°E
N

A 114°15'E 114°18'E

115|°E 116.°E 117.°E

116°8'E 116°10'E

32°N+

31°N+

\
30°N+ r30°N 114°15'E 114°18'E

116°8'E 116°10'E

29°N+ r29°N

0 2 4 8 12 27°N 0 15 3 6 9 r27°N

. 1km

.| 1 km
28°N: 28°N

113°E 114°F 115°E 116°E 115°E 116°E 17K

(a) (b)






