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Abstract:

 Stable nighttime light (NTL) data, derived from the Defense Meteorological Satellite Program’s Operational Linescan System (DMSP/OLS), are typically considered a proxy measure of the dynamics of human settlements and have been extensively used to quantitative estimates of demographic variables, economic activity, and land-use change in previous studies at both regional and global scales. The utility of DMSP data for characterizing spatio-temporal trends in urban development at a local scale, however, has received less attention. In this study, we utilize a time series of DMSP data to examine the spatio-temporal characteristics of urban development in 285 Chinese cities from 1992 to 2009, at both the local and national levels. We compare linear models and piecewise linear models to identify the turning points of nighttime lights and calculate the trends in nighttime light growth at the pixel level. An unsupervised classification is applied to identify the patterns in the nighttime light time series quantitatively. Our results indicate that nighttime light brightness in most areas of China exhibit a positive, multi-stage process over the last two decades; however, the average trends in nighttime light growth differ significantly. Through the piecewise linear model, we identify the saturation of nighttime light brightness in the urban center and significant increases in suburban areas. The maps of turning points indicate the greater the distance to the city center or sub-center, the later the turning point occurs. Six patterns derived from the classification illustrate the various characteristics of the nighttime light time series from the local to the national level. The results portray spatially explicit patterns and conspicuous temporal trends of urbanization dynamics for individual Chinese cities from 1992 to 2009.
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1. Introduction

Over the past few decades, there has been increasing interest among policy makers and researchers in the spatio-temporal changes of urban areas. The world is experiencing rapid urbanization, accompanied by economic and population growth. The share of the world’s urban population has grown to over one-half, and this urban population is projected to grow by more than two billion people by 2050 [1]. The effects of urbanization, such as increasing human activity and impervious surfaces, may contribute to water and air contamination and climate change [2,3]. In addition, vegetation deterioration and biodiversity reduction are usually associated with the land-cover changes that accompany urbanization [4–6].

Because urbanization is associated with many crucial issues, various data and methods have been applied to investigate the spatio-temporal dynamics of urbanization. Socio-economic data, such as Gross Domestic Product (GDP) and demographics, are most frequently utilized to assess urbanization; however, the shortcomings of these indicators include their inconsistency over time, their lacking of distribution information, and their costliness to survey. These problem are worse in many developing countries, especially war-torn countries, where standard statistical sources are difficult to collect or unavailable. Consequently, developing alternatives for studying urbanization presents an urgent challenge for the scientific community.

Satellite sensors provide a convenient way to inspect land-use changes. However, monitoring urbanization dynamics using remote sensing is difficult due to the spectrally diverse land cover types present in urban areas [7]. The nighttime light images acquired from the Defense Meteorological Satellite Program’s Operational Linescan System (DMSP/OLS) provide a unique proxy for monitoring urbanization dynamics. The DMSP/OLS dates to the 1970s [8] but was not widely noticed until 1992 when the images became available in digital format. Since then, DMSP/OLS data have been utilized in numerous studies of urbanization that examine maps of city lights [9], urban areas [10,11], greenhouse gases [12], economic activity [13,14], population [15,16], electric power consumption [17], light pollution [18], gas flares [19], and in-use steel stock [20].

Most previous studies evaluate the correlation between nighttime light and urbanization indicators at various levels; however, only a few studies have investigated the multi-temporal characteristics of urban dynamics [21–24]. The development of an urban area is usually a multi-stage process during which a rural area changes into an urban area and suburbs develop around the downtown area. Each stage involves its own pattern of land-use change, public infrastructure, and economic and population growth. Identifying these patterns could improve our understanding of the dynamics of urbanization. The correlation between nighttime light and urbanization suggests that long-term DMSP/OLS data could be employed to identify the spatio-temporal pattern of urbanization, as well as to detect when the urbanization process accelerated, slowed or reached equilibrium.

The objectives of this study are to identify the spatio-temporal characteristics of urbanization and to quantify these trends and patterns of urbanization in 285 Chinese cities by analyzing DMSP data at the pixel level. First, we estimate linear and piecewise regressions on multi-temporal DMSP/OLS data for Chinese cities from 1992 to 2009 and determine the best-fitting model for each pixel. Second, we employ an unsupervised classification method for the regressionn results to identify patterns within the nighttime light data. Finally, we analyze the regression and classification results for nighttime light at the local and national levels to reveal the characteristics of urbanization for these 285 Chinese cities.



2. Data and Methods


2.1. Multi-Temporal DMSP/OLS NTL Dataset

The DMSP-OLS nighttime light time series data were obtained from the website of the National Geophysical Data Center (NGDC) of the National Oceanic and Atmospheric Administration (NOAA), which initially collected global cloud cover and cloud top temperature data. The satellites sensors have a unique capability [25,26] to detect low-light moonlit clouds. In addition, the satellites are also sensitive to light emitted from cities, gas flares, fires, and fishing boats. An archive of cloud-free NTL data exists, from which the annual time series is produced from all available DSMP-OLS smooth resolution data since 1992.

The version 4 time series of stable light span from −180 to 180 degrees longitude and −65 to 75 degrees latitude with a spatial resolution of 30 arc-seconds. The images are composed of the annual average brightness level digital number (DN), which ranges from 0 to 63 with sunlit, glare and moonlit data excluded. There are five sensors collecting NTL data from 1992 to 2009: F10 (1992–1994), F12 (1994–1999), F14 (1997–2003), F15 (2000–2007), and F16 (2004–2009). Due to differences in satellite orbits and sensor degradation, measurements of NTL brightness could differ significantly even when the ground has not changed [22]. To minimize sensor errors, we estimate a second order regression model [19] to intercalibrate the yearly NTL data to match the F12 1999 data range. There are two separate annual composites of different sensors for most years, and we utilize the best-fitting composite for each year: 1992–1994 (F10), 1995–1997 (F12), 1998 (F14), 1999 (F12), 2000–2002 (F15), 2003 (F14), 2004 (F15), 2005 (F16), 2006 (F15), and 2007–2009 (F16). We exclude areas with DN < 12 in 2009, which are determined to be undeveloped areas by comparing them with Landsat images [23,26]. Furthermore, we extract NTL data for 285 Chinese cities utilizing their administrative boundaries in the same geo-reference system (Figure 1).

Figure 1. Temporal-spatial changes in DMSP/OLS lit areas of Chinese cities located in Beijing-Tianjin region (top row, (a–c)), Yangtze River Delta (second row, (d–f)) and Pearl River Delta (third row, (g–i))) in 1992 (left column), 2000 (center column), and 2009 (right column). The DN value of Night light brightness range from 12 to 63 is interpolated from green to red. Administrative boundaries are drawn by solid gray lines.
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2.2. Regression Analysis of NTL Data

Piecewise, or segmented, regression is widely used in trend analysis to monitor the turning points in a time series [27,28]. Piecewise linear model, which is good at change detection compare to linear model, is one kind of piecewise regression model that the relations in the intervals are obtained by linear regression. To detect the most significant change in nighttime lights, we employ unweighted sliding-average smooth data with a smooth width of 3 years to reduce the noise produced by data acquisition and preprocessing. Then, we estimate a piecewise linear regression (Figure 2) to fit NTL time series at pixel level with two line segments connected at the turning point:

Figure 2. Schematic diagram of models for depict temporal variation of DMSP/OLS nighttime light brightness. Linear model (red lines): βl0 = interception, βl1 = slope. Piecewise linear model (blue lines): α = turning point, β0 = interception, β1 = left slope, β2 = difference in slope.
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(1)




where α is the turning point, β0 is the interception, β1 is the slope of left line segment, β2 is the difference in slope, and β1 + β2 is the slope of right line segment. We also estimate a linear regression (Figure 2) to fit the NTL time series at pixel level for comparative analysis:
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(2)




where βl0 is the interception, βl1 is the slope.
It is noteworthy that the turning point is not prevailing for all urban development processes. Some regions display increasing urbanization with a constant growth rate or no significant alterations over time. Therefore, we compare the linear models with piecewise linear models to identify the best-fitting model. A Davies test [29] identifies the constantly developing regions by examining where there are no conspicuous changes in urban dynamics. However, applying the Davies test on unchanged regions is problematic. Although the area displays no significant alteration, errors from satellite sensors and data preprocessing may produce a false turning point. Therefore, Welch’s t-test is employed to recognize unchanged regions by determining whether two sets of DN values divided by the turning point differ significantly. In addition, the statistical significance of the linear model is tested using the t-statistic. All significance tests are performed under a 95% confidence level. We also employ the corrected Akaike information criterion (AICc) to quantify the information loss in both piecewise linear model and linear model. The model with the minimum AICc is considered the best fit. Through the Davies test, Welch’s t-test, and AICc, we identify best-fitting model for each pixel. Figure 3 displays the typical trends in the NTL data and regression results. According to our strategy Figure 3a–f are identified as piecewise linear model, while Figure 3g–i are identified as linear model. Although NTL data are available from 1992 to 2009, turning points are identified from 1994 to 2007 to insure statistical significance on both sides of the turning point.

Figure 3. Typical samples of trends of stable nighttime lights at pixel level from 1992 to 2009. Two regression model are fitted: linear model (Red) and piecewise linear model (Blue). Yellow square represent the turning points of piecewise linear model. The p-value, davies-test, AICc and t-test are calculated to identify best-fitting model for each pixel. Six samples are identified as piecewise linear model (a–f), while three samples are identified as linear model (g–i).
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2.3. Classification and Trend Analysis of NTL Data

Although the regression analysis recognizes the turning point of urbanization at the pixel level, one cannot distinguish among the urbanization patterns of cities or city regions from these regression results. Therefore, we follow an unsupervised classification procedure to recognize the patterns of urbanization and statistically quantify the long-term average trend of NTL in Chinese cities.

The ISODATA clustering algorithm [30] identifies the classes by iteratively computing the clusters center through the minimum Euclidean distance. We transform the β1, β2 and DN values for 1992 into values that range from 0 to 1 to input into the ISODATA because these three variables potentially capture the long-term trend of NTL from 1992 to 2009. First, we set the maximum number of clusters to a high value, 10, to minimize information loss. Then, according to the dendrogram of attribute distances among classes and an empirical understanding of the data, we discard noisy classes. Of the 10, 6 classes remain. Based on the cluster results, maximum likelihood classification was utilized to assign each pixel to one of the 6 classes.

Nighttime light brightness may vary with urban development. To identify trends in urbanization, we obtain the average trend in nighttime light growth of an urban area by the sum of the slope of lit pixels divided by the total number of lit pixels located in the urban area. For comparison, we also calculate this variation at the national level. The slope of lit pixels is acquired from the best-fitting model.




3. Results and Discussion


3.1. Long-Term Trends at the National Level

Previous studies indicate that China has been experiencing rapid urbanization since the 1990s [23,31]. Figure 4 presents the summary of statistical significance of long-term trends in NTL for all 285 Chinese cities for the period 1992–2009. As displayed in Figure 4, significant increases in nighttime light brightness are identified in 88% of pixels and turning points are identified in 70% of them by the piecewise linear model. Significantly decreased night light brightness was recognized in only 2% of pixels, including 1% identified by the linear model and 1% identified by the piecewise linear model. Most insignificant areas are identified by the linear model (6% of pixels increased and 3% decreased) rather than the piecewise linear model because night light brightness in these areas generally exhibited gentle slopes (−0.5 to 0.5) without significant changes. These results imply that most areas in China experienced increasing urbanization over the last two decades, and the existence of turning points indicates the multi-stage characteristic of urbanization. In the following subsections, we first examine the spatio-temporal distribution of turning points, and then analyze the patterns and trends of urban dynamics based on the best-fitting models of multi-temporal NTL data.

Figure 4. Statistical distributions of linear (red) and piecewise linear (blue) model for NTL data time series at pixel level. The significance of trend is tested under 95% confidence interval.
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3.2. Spatio-Temporal Distribution of Turning Points

Empirically, turning points in urbanization occur when population density and economic activity reach critical points. For example, villages or towns may change into urban areas when industry is established as occurred in Shenzheng. Some regions develop faster than neighboring regions do, and the speed of urbanization slows in the urbanized areas. To recognize the temporal trend and spatial distribution of turning points, we mapped the turning point, left slope and right slope of the piecewise linear model and slope of the linear model respectively for 285 Chinese cities. Figure 5 illustrates these parameters for three major Chinese cities: Beijing, Shanghai and Guangzhou. As indicated in Figure 5, nearly all city centers are identified by the linear model. Generally, these areas were characterized by intense development, high population density and economic activity before 1992; therefore, the nighttime light brightness of these areas remained high and suggested no significant changes from 1992 to 2009. There exists a ring around the center in many cities that follows the piecewise linear model. Turning points usually occur earlier in the inner ring and later in the outer ring of cities, such as Beijing (Figure 5a) and Shanghai (Figure 5b). However, some cities exhibit no explicit structure, including Guangzhou (Figure 5c). By examining the piecewise slopes, we recognize that the nighttime light in these areas first develops quickly (the red areas in Figure 5d–f) then reach a saturation point when nighttime light brightness suggest no significant changes (the blue and yellow areas in Figure 5g–i). In the outskirts of cities, turning points occur in two different patterns. First, in the ring zones around sub-centers, such as those surrounding the city center, nighttime light brightness stabilized after the turning point. Second, the remaining suburban areas first suggest no statistically significant trend; however, after the turning point, they exhibit remarkable increases in light brightness. As depicted in Figure 5a–c, the years in which turning points occur are associated with the distance to the city center. Generally, the greater the distance to the city center or sub-center, the later the turning point occurs. Moreover, the slopes of the linear models (Figure 5j–l) first increase and then decrease as the distance to the city center or sub-center increases.

Figure 5. Spatial distribution of parameters of piecewise linear model and linear model in Beijing (left column), Shanghai (center column) and Guangzhou (right column): turning points (top row, (a–c)), left slope (second row, (d–f)) and right slope (third row, (g–i)) of piecewise linear model and slope of linear model (fourth row, (j–l)). In (d) to (l) yellow color is adjusted to represents parameter values of zero.
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These results of nighttime lights may indicate the spatio-temporal distribution of turning points in urban development. According to the maps of piecewise slopes (Figure 5d–i), the spatial distribution of the two major types of turning points, deceleration and acceleration, could be identified. The former usually occurs in the city center and sub-center, while the latter usually occurs in suburban areas. The maps of turning points (Figure 5a–c) allow us to detect the spatial trends of the turning points. In addition, the maps of linear slopes (Figure 5j–l) depict nighttime light in areas without turning points. It is quite noticeable that the decrease in brightness in Fangshan (light blue areas in Figure 5j) may be related to gas flares reduction. Sinopec Beijing Yanshan Company upgraded the recycling systems and shut down 8 gas flares due to environmental concerns and energy efficiency during 1996 to 2004. The nighttime light brightness in Fangshan first sharply decreased then increased in recent years (Figure 5a,d,g) reflected this event. A previous study [32] show the decreases in brightness occurring in economically developed regions may associate with renovation of lighting system. Shanghai changed the street lighting type from incandescent lamp to high pressure sodium lamp, and upgraded the lighting system for energy conservation reasons since 2005. Street lights are dimed by intelligent control system after 11 p.m. These facts may lead to the noticeable and extensive decrease in brightness after the turning points in Shanghai (Figure 5h).



3.3. Patterns of Nighttime Light Time Series

Previous subsection provides an intuitional way to observe the urban dynamics; however, statistically quantify the patterns may enable us to better understand the differentiation of urbanization between Chinese cities. To analyze the patterns of nighttime light for 285 Chinese cities, we obtain 6 classes following an unsupervised classification procedure. Three classes exhibit convex shapes and three exhibit concave long-term trend shapes for nighttime light brightness. Therefore, we define the convex classes as saturated patterns A to C because they saturated after the turning points, and define the concave classes as accelerated patterns D to F because they accelerated after the turning points. Generally, pattern A areas were already brightly lit in 1992, and reached saturation later with gently increasing slopes (Figure 3a). Pattern B areas rapidly reached saturation from lower light levels in 1992 (Figure 3b). Pattern C areas exhibited even lower light levels in 1992 and reached saturation with sharply increase (Figure 3c). Pattern D areas first exhibit the same brightness as pattern C, but light brightness did not increase until the turning point (Figure 3d). Areas characterized by patterns E and F emitted dim light in 1992; however, after their turning points, brightness in pattern E increased sharply (Figure 3e) but increased at a very low rate in pattern F (Figure 3f). Figure A1 shows the spatial distribution of six patterns across 285 Chinese cities.

Figure A1. Six patterns of NTL time series: saturated patterns A–C and accelerated patterns D–F to demonstrate spatial differentiation of urbanization in China.
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To inspect the temporal variation in nighttime lights patterns, we partition each pattern by the year in which turning points occur (Figure 6). As indicated in Figure 6a, the long-term trend of total frequency of turning points at the national level reach a local peak in 1996 and global peak in 2000, which implies that 1996 and 2000 are pivotal years in Chinese urbanization. The two major patterns indicate reverse trends (Figure 6a): the saturated patterns are slightly concentrated in the early and recent years, while the accelerated types center on the year 2000. The stacked percentage histogram (Figure 6b) illustrates the distribution of patterns from 1994 to 2007. As illustrated in Figure 6b, there are fewer saturated patterns than accelerated patterns except during 2006 and 2007. At first, patterns A and B each represented 20% of turning points in 1994, which decreased to minimums of 4% and 6% in 2000, respectively, and increased to 12% by 2005. Pattern C exhibits a similar trend before 2002 but experienced subsequent rapid increases and reached more than 46% in 2007. Spanning the range from 40% to 3% of turning points pattern D show reverse trend of pattern C. Pattern E increases from less than 1% of turning points to approximately 20% and then exhibits no significant changes until 2007, which then sharply decreased to 13%. Pattern F includes the most pixels of the six patterns and exhibits a unimodal distribution, which reached a maximum of 45% in 2001. These results indicate that neither the saturated patterns nor the accelerated patterns maintain stable proportions, which implies imbalances in Chinese urbanization. In 1996, the saturated patterns outnumbered accelerated patterns for the first time; however, from that time until 2000, the accelerated pattern increased sharply, and the turning points reached their maximum frequency, which indicates that Chinese cities had greatly expanded [33]. This pattern is likely correlated with the economic and technological development zones established in many Chinese cities in the 1990s [34,35]. From 2000 to 2007, significant increases were observed for pattern C that indicates significant expansion of city centers. Table A1 lists the statistical summary of six patterns for 285 Chinese cities.

Figure 6. (a) Statistical distribution of six urbanization patterns in China from 1994 to 2007. (b) Percentage of six urbanization patterns.
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Figure 7 displays the six patterns for some typical cities. Accelerated patterns in many cities increased around 2000, which was observed in Beijing, Shanghai, Changzhou, and Changsha. However, Beijing exhibits considerably different saturation patterns from Shanghai; an insufficient area of Shanghai reached saturation before 2000 compare this city to Beijing. In Guangzhou, the proportions of saturated and accelerated patterns remain steady, which implies balanced urbanization. Some coastal regions, such as the Pearl River Delta, experienced rapid development under free and open economic conditions since the 1990s. In Dongguan, for instance, saturated patterns are dominant and exhibit a bimodal distribution, which likely indicates that this city underwent rapid urbanization and most city regions eventually reached saturation. Over the last two decades, many factories were established in Yangtze River Delta, which significantly extended the boundaries of cities. In Changzhou for example, the prevalence of accelerated patterns from 1998 to 2004 correlates with the numerous new factories and enterprises established. Some cities exhibit a trend towards decreased frequency. In Daqing, for instance, this decrease is most likely associated with a local recession within the petroleum industry. In some cities, such as Putian and Changsha, saturated and accelerated patterns concentrate in different periods, which imply imbalanced urbanization. Medium and small cities sometimes lack one or more patterns and always exhibit an imbalanced distribution of patterns. In Liaocheng, for example, patterns D and E are missing, and saturated patterns strongly concentrate in 1996. These results imply that the investigation of nighttime lights patterns potentially reveals the characteristics of cities at different stages of urbanization.

Figure 7. Diverse distributions of six patterns of nighttime lights in Chinese cities from 1994 to 2007.
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3.4. Average Trend in Nighttime Light Growth

The NTL patterns show characteristics of Chinese cities in the urbanization process, study the trends in nighttime light could reveal how the urbanization process is affected by those characteristics. Figure 8 displays the average trend in nighttime light growth in China. The whiskers of the boxplot (Figure 8a) represent the data within the 1.5 interquartile range of the first and third quartiles, and the data beyond this range are excluded. As indicated in Figure 8a, nighttime light brightness in over 75% of Chinese regions increased from 1994 to 2007 as evidenced by all third quartiles above zero. The increased interquartile range over time likely implies that the imbalance in night light in Chinese cities intensified. Figure 8b compares the average trend obtained from the linear model to the combination of linear and piecewise linear models. The DN value grows at a constant rate of 1.02 per year according to the linear model; however, when the piecewise linear model is considered, the average trend fluctuates and intersects with the horizontal line at 2000. The average trend in night light growth implies that the speed of urbanization in China accelerated since 1994 and slightly slowed after reaching a maximum in 2004.

Figure 8. (a) Boxplot of average trend in night light growth in China from 1994 to 2007. (b) Comparation of trends in night light growth generated from linear model (blue) and piecewise linear model (red).
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Figure 9 illustrates the average trend in night light growth in a selection of Chinese cities. Major cities exhibit stable growth of night light brightness between 0.8 and 1.6 DN per year such as Beijing, Shanghai and Guangzhou (Figure 9a). Nighttime light experienced significant growth between 1998 and 2002 in Wuxi, Suzhou, and Changzhou (Figure 9b), which potentially reflects the recent rapid development of the Yangtze River Delta. Some cities exhibit stable increased rates of nighttime light growth, such as Chuzhou, Baotou, and Fangchenggang (Figure 9c). The nighttime light growth in some cities first slightly increases and then sharply decreases at some point. Jinhua, Shaoxing, and Changsha, for instance, exhibit a significantly negative trend after 2003. In Huangshan, Nanchang, and Jiaxing, the growth of night light brightness first increased and then fell around 2002. A few cities exhibit a negative trend in the growth of nighttime light, such as Chaozhou, Dongguan and Wenzhou, which decreased from more than 2.4 DN per year in 1994 to less than 0.8 DN per year in 2007. These results suggest diverse trends in night light growth that correspond to diverse trends in the urbanization of Chinese cities, which implies the unbalanced development of Chinese cities; however most cities exhibit increasing growth rate of NTL brightness indicate Chinese cities experienced continuing development over the last two decades.

Figure 9. Diverse average trends: stable (a), positive (b,c), negative (d), convex (e) and negative (f) in night light growth for 18 Chinese cities from 1994 to 2007.
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4. Conclusions

Urbanization is a global transformation of human society that involves population migration, economic activity and land-use change. Due to night light brightness is verified associate with features of urbanization in many studies [36], nighttime light images derived from DMSP/OLS provide a unique proxy for urbanization.

In this paper, we utilize time series of DMSP data to investigate the urban dynamics of 285 Chinese cities from 1992 to 2009 at the pixel level. Rather than examining the relationship between nighttime light and urban variables, we utilize nighttime light as a proxy for urban dynamics to examine the patterns and trends of urbanization at local and national levels. Linear and piecewise linear models are estimated and compared for NTL data, and AICc and Welch’s t-test are employed to identify the best-fitting model. To quantify the patterns of urbanization statistically, we apply an unsupervised classification procedure utilizing three variables: the DN value in 1992 and the left and right slopes of the piecewise linear model to generate six distinct patterns. Moreover, we calculated the average trend in nighttime light growth for the local and national levels.

Our study suggests that the long-term nighttime light brightness of most areas follows the piecewise linear function, although some follow the linear function. 88% of lit pixels in China, of which 70% follow the piecewise linear function, show increasing brightness over the last two decades. We identify the turning point of the nighttime light time series according to the piecewise linear model. The spatio-temporal distribution of turning points are identified by the left and right slopes and turning point of the piecewise linear model and slope of the linear model. The maps of these parameters show NTL saturation in an urban center and growth in suburban areas; in addition, the greater the distance to the city center or sub-center, the later the turning point occurs. The yearly variation in the six night light patterns at city level reveals the diverse characteristics of cities at different stages of urbanization. These patterns at national level implies that the urbanization of Chinese cities focused on established city areas in 1996, and Chinese cities expanded remarkably around 2000, while city centers have expanded significantly in recent years. The local nighttime light growth data suggest that Chinese cities exhibit varying trends in urbanization. However, the national trend implies that Chinese urbanization accelerated since 1994 until it decreased slightly after 2004. In addition, most areas experienced positive rates of nighttime light growth, which implies that most Chinese cities experienced consistent urban development during the last two decades. It is noteworthy that the problem of saturation in urban centers [37] and overglow effects [26] in DMSP data may blur the long-term trend and spatial distribution of urban changes. Therefore, further research should consider these problems, and improve the accuracy of DMSP data. The newly available nighttime lights products derived from Visible Infrared Imaging Radiometer Suite (VIIRS), which provide a more reliable way for investigating urbanization compare to DMSP [38,39], should be applied in further research.
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