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Abstract

:

Nighttime light data play an important role in the research on cities, while the urban centers over a large spatial scale are still far from clearly understood. Aiming at the current challenges in monitoring the spatial structure of cities using nighttime light data, this paper proposes a new method for identifying urban centers for massive cities at the large spatial scale based on the brightness information captured by the Suomi National Polar-Orbiting Partnership’s Visible Infrared Imaging Radiometer Suite (NPP-VIIRS) sensor. Based on the method for extracting the peak point based on digital elevation model (DEM) data in terrain analysis, the maximum neighborhood and difference algorithms were applied to the NPP-VIIRS data to extract the pixels with the peak nighttime light intensity to identify the potential locations of urban centers. The results show 7239 urban centers in 2200 cities in China in 2017, with an average of 3.3 urban centers per city. Approximately 68% of the cities had significant polycentric structures. The developed method in this paper is useful for identifying the urban centers and can provide the reference to the city planning and construction.
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1. Introduction


A city is the human settlement area that has developed to an advanced stage, representing important and productive areas in the modern society [1]. Over the last half century, urbanization has undergone rapid developed in the world, particularly in the developing countries [2,3]. After four decades of reform and opening-up, China’s urbanization rate increased from 17.9% in 1978 to 58.5% in 2017, with an average annual growth rate of approximately 1% [4]. China’s urban population is predicted to reach 1 billion by 2030 [5]. While the rapid urbanization has resulted in the development in economy [6,7], a series of ecological and environmental problems have become increasingly noticeable [8,9,10,11], and “urban diseases” like environmental pollution, overcrowding, and traffic congestion have emerged in many congested urban areas [12,13]. Cities are the fastest growing areas during the transition period in China, and city construction can largely affect China’s sustainable development [14,15]. Thus, the problems of “urban diseases” should be solved effectively. After many years of theoretical and empirical studies, the polycentric urban development model has been found to be effective in improving economic level and social cohesion, relieving crowded populations, and improving urban environment [16,17,18,19]. For the sustainable development of cities, therefore, it is important to monitor China’s urban centers, and to analyze the dynamics and spatial patterns of urban centers at different spatial scales.



Most current studies on the identification of polycentric urban regions are based on statistical or point of interest (POI) data with high accuracy and representativeness [20,21,22]. These data are of high quality but difficult to obtain. Therefore, research based on such data is mostly limited to single-phase or individual large cities. As a result, it is difficult to research the dynamics or at a large scale. In the last decade, nighttime light data have been used to identify the spatial structures of cities at large scales, and an increasing number of studies have utilized nighttime light data to monitor urban centers [23,24,25]. Nighttime light images from the Defense Meteorological Satellite Program’s Operational Line Scan System (DMSP-OLS), providing radiation-corrected data on a global scale, have been used to identify potential clusters with multiresolution segmentation [26]. After the removal of the haloing effect of potential clusters with support vector machine classifiers, bright urban areas were finally extracted using Gaussian volume models. This study produced good results in Hangzhou, East China, indicating that the markedly bright nighttime light areas in a city can be effectively identified. With the emergence of more nighttime light data and in-depth studies of urban spatial structures, the internal spatial characteristics of cities at a fine scale have received increasing attention. Compared with traditional DMSP-OLS nighttime light data, the nighttime light data from the Suomi National Polar-Orbiting Partnership’s Visible Infrared Imaging Radiometer Suite (NPP-VIIRS) have improved quality and can identify the central structure of a city at a fine spatiotemporal scale [27,28].



Monthly synthetic NPP-VIIRS data and POI data (with shared locations) from social platforms (microblogging) can be used with the local Moran index and geographic weighted regression method to effectively identify the urban central areas [29]. Such studies have been successfully conducted in Chinese cities such as Beijing, Shanghai, and Chongqing [30,31,32]. However, this research method needs to be supplemented with a large amount of POI data in the city, which requires a large amount of high-quality data. In small and medium-sized cities where this type of data is hard to collect, the recognition effect may be weaker than that in large cities. Considering the limitation of data quality, some researchers have focused on NPP-VIIRS nighttime light data and developed new methods to identify urban centers. In general, these new methods can be divided into two main groups: the contour number method based on the spatial characteristics of the city’s nighttime light level and the threshold segmentation method based on the brightness feature [32,33,34,35,36]. Some researchers have found that urban nighttime light models are largely similar to digital elevation model (DEM) which are represented as raised “peaks” and low “valleys” within a continuous area by their attribute values, and urban construction land can be identified by the abrupt areas between the bulges and the lowlands [32,36]. Therefore, terrain analysis methods such as the contour number method can be applied to the nighttime light data, such as NPP-VIIRS data, and the internal central structure of a single city can be effectively detected. Using the contour number method, 33 city centers were identified in Shanghai in 2014 [37]. Although good results have been achieved in the identification of central structures in a few cities, these studies are limited to single or a few large cities at a small scale. Comparative analyses among multiple cities at large spatial scales are still lacking. Based on the annual synthesized NPP-VIIRS data in 2015 and previous studies, Luo et al. [38] identified the urban centers of 286 cities above the prefecture level in China by setting thresholds, extracting clusters, and merging neighboring centers. In addition, they measured the degree of development of a city at the polycentric level in China in 2015. This study used a percentage threshold method based on nighttime light data, which extracted the areas with top 10% of urban brightness as urban centers. However, this method potentially excluded urban areas with generally low nighttime light intensity, such as emerging centers in large cities and centers in small cities. In addition, the identification results for a single year cannot reveal the long term change of urban centers.



In short, the research on the identification of urban centers in China based on NPP-VIIRS data is still in its infancy. In terms of the methods, the threshold segmentation method, which was widely used in the previous research, identifies the top 10% of the pixels with the highest brightness in a city as the urban center regions; as a result, urban centers with nighttime light brightness levels that are not within this threshold range are excluded. On the spatial scale, the existing studies focused on individual large cities and neglected a large number of medium- and small-sized cities. On the temporal scale, the existing studies focused on a particular single year, and time series analyses of urbanization are still lacking. Aiming at answering the above three scientific questions, this paper proposes a method to apply NPP-VIIRS nighttime light data to identify China’s urban centers at a large spatial scale. This method meets the need to determine whether a city has a center, the specific number of centers, and the spatial locations of the centers. The accuracy and uncertainty of the new method proposed in this paper are also estimated.




2. Study Area and Data


2.1. Study Area


The study area of this paper covers 2200 cities at the provincial, prefecture, and county administrative levels in mainland China (Hong Kong, Macao Special Administrative Region, and Taiwan Province were excluded due to lack of data). The vastness of China’s territory and the large variation in the socioeconomic conditions of China’s cities can lead to regional disparities in the level of urbanization.



According to the economic development and geographical condition, the whole of China is divided into four regions: northeastern China, eastern China, central China, and western China. Specifically, northeastern China includes three provincial administrative areas (Heilongjiang, Jilin, and Liaoning); eastern China includes 10 provincial administrative areas (Beijing, Tianjin, Hebei, Shandong, Jiangsu, Shanghai, Zhejiang, Fujian, Guangdong, and Hainan); central China includes six provincial administrative areas (Shanxi, Henan, Anhui, Hubei, Hunan, and Jiangxi); and western China includes 12 provincial administrative areas (Shaanxi, Gansu, Ningxia, Inner Mongolia, Qinghai, Xinjiang, Sichuan, Chongqing, Guizhou, Yunnan, Guangxi, and Tibet) (Figure 1a). This zoning method has been widely adopted in China [39,40].



For the city classification, referring to the division standard of city size issued by the State Council in 2014, Chinese cities were divided into three categories (large city, medium city, and small city) and seven secondary levels (super metropolis, megacity, large city I, large city II, medium-sized city, small city I, and small city II) based on the number of permanent residents in urban areas. The distribution of seven city classes in China is shown in Figure 1b. There is a relatively balanced distribution of the city classes in the four economic regions (Table 1), indicating a good match between the economic zoning and city scales in this study.




2.2. Data


2.2.1. NPP-VIIRS Data


The nighttime light data used in this paper are the first version of cloud-free and monthly composite images from the NPP-VIIRS Day/Night Band (DNB), including 69 months from April 2012 to December 2017. The data were obtained from the National Centers for Environmental Information (NCEI), a subsidiary of the National Oceanic and Atmospheric Administration (NOAA) (https://ngdc.noaa.gov/eog/viirs/download_viirs_ntl.html). NPP-VIIRS grid products include three types of temporal resolution: day, month, and year. In terms of product quality and time series continuity, monthly composite products are used most widely. The monthly composite products are from April 2012 to the present, and they include two types (the products with stray light completely eliminated, and the products with stray light corrected) [41]. Before January 2014, only the former product is available; after January 2014, both products are available.



This study used cloud-free and monthly composite products and the effects of stray light were completely eliminated. The data are floating point values calculated by averaging the pixels deemed to be cloud-free, and their quantization is reported as radiance in units of nanowatts/cm2/sr [42]. The products are 15 arc second (approximately 475 m) grids spanning from 65° south to 75° north (Figure 2), and the global data were roughly cut into six tiles based on the equator and every 120° longitude interval. Before the monthly composite, the nighttime light captured by the DNB has been partially preprocessed to filter out the effects of stray light, lightning, moonlight, and clouds. However, monthly composite data still have background noise, such as auroras, oil and gas flames, and fishing fires.




2.2.2. Land Cover and Water Mask Data


Moderate Resolution Imaging Spectroradiometer (MODIS) land cover data (MCD12Q1) and water mask data (MOD44W) were obtained from the Land Process Distributed Active Archive Center of the National Aeronautics and Space Administration (NASA) (https://lpdaac.usgs.gov/product_search/?query=MODIS&view=cards&sort=title).



MCD12Q1, with a spatial resolution of 500 m, is the land cover data set based on the annual data obtained from the MODIS sensor carried by Terra and Aqua satellites. The sixth edition of the data set has continuous data from 2000 to the present and contains five different land cover classification systems. The land cover classification system of the International Geosphere Biosphere Programme (IGBP) is one of most widely used ones [43]. The system defines 17 land cover types, and this study used the land cover of urban areas as the extraction mask.



The MOD44W water mask data have a spatial resolution of 250 m and the time span from 2000 to 2015. Compared with the water data in MCD12Q1, MOD44W, the sixth edition, has high extraction accuracy for water and can more accurately represent the spatial distribution of water.




2.2.3. Population Density Data


The population density data were collected from the Gridded Population of the World (GPW) of the Socioeconomic Data and Applications Center (SEDAC) of NASA [44]. Based on the global population and housing census data from 2005 to 2014, the GPW data sets for 2000, 2005, 2010, 2015, and 2020 were produced through model calculations [45]. The population density data used in this study are the fourth edition optimized by statistics of the United Nations, with the spatial resolution of 30 arc seconds (approximately 1 km).




2.2.4. Other Auxiliary Data


In addition to the above data, this study used the following auxiliary data:



The high-resolution historical remote sensing images were obtained from Google Earth. The administrative division data at national, provincial, and prefecture levels are the 1:4 million scale vector data set released from the National Geomatics Center of China (http://www.ngcc.cn/ngcc/html/1/391/392/16114.html). The data were updated with reference to the query platform for national administrative division information, the Ministry of Civil Affairs of the People’s Republic of China (http://xzqh.mca.gov.cn/map). Year-end total population, gross regional product, electricity consumption of the whole society, urban population, and county population statistics at the provincial and prefecture levels in China were obtained from China City Statistical Yearbook (National Bureau of [46], China Urban Construction Statistical Yearbook [47], and China County Seat Construction Statistical Yearbook [48]. The year-end total population is the total number of persons registered in the city at the end of the year, as counted by local public security department. Electricity consumption refers to the total amount of electricity used by all sectors of the city in the year. Gross regional product is the overall production activities of all residents in the city calculated at market prices in the year.






3. Methods


3.1. Data Preprocessing


To ensure the data comparability, all data with spatial information attributes were reprojected into the WGS84 geographic coordinate system and the Albers conical projection coordinate system and resampled to a spatial resolution of 500 m. NPP-VIIRS nighttime light data have been widely used in many fields because of their large spatial scale and multiple temporal resolutions. However, as a primary data product, some pixels of the data still have some noise, and there is a problem of discontinuous time series on the annual scale, which limits its application to a certain extent. To improve the quality of NPP-VIIRS data, they were corrected through three steps: data preprocessing, removal of background noise, and interannual continuity correction [49].



3.1.1. Preprocessing of NPP-VIIRS Data


Data preprocessing mainly includes image synthesis, reprojection, resampling, and cropping. First, the average NPP-VIIRS data for all months of the year were calculated. Then, to ensure the smallest area distortion, the data were projected into the WGS84 geographic coordinate system and the Albers conical projection coordinate system and resampled to a spatial resolution of 500 m. Finally, the vector data of the Chinese administrative boundary were used as a mask to reshape the processed NPP-VIIRS data. To avoid a mismatch between the administrative boundary and the latest coastline of the coastal zone, a 5 km buffer zone was extended outward from the coastal area boundaries to generate new vector boundaries as the mask for cropping.




3.1.2. Removal of Background Noise


The background noises of NPP-VIIRS data are mainly due to negative values, minimum values, and maximum values of background pixels. The negative values produced during the synthesis process do not meet the dimensional principle of light brightness. Due to the strong photoelectric sensing capability of VIIRS sensors, the very limited bright light emitted by human activities with slight intensity can often be captured [50]. In addition, light sources with extremely high brightness such as oil and gas, volcanic eruptions, auroras, and fire points can cause some of the pixel values to far exceed the brightness of the nighttime lights in human gathering areas. The background noises can limit the reliability and accuracy of nighttime light research in urban areas, so background noise must be removed from the image data obtained by the annual synthesis.



Since this research focused on cities, the background noise of NPP-VIIRS data needs to be removed according to the nighttime light characteristics in urban areas. First, the values of nighttime light pixels should increase from zero to positive values [51]. Pixels with values less than zero or those covered by a large area of water were all assigned a value of zero. In addition, as a kind of nighttime light data, DMSP-OLS can be used as auxiliary data to remove the maximum background noise of NPP-VIIRS data. Due to the limited threshold range (0–63) and high-value overflow of DMSP-OLS data, the coverage of its pixels is much larger than the actual urban human activity range. In addition, the maximum noises from oil, gas, and wildfire pixels of the DMSP-OLS data have been removed. The nonzero pixels of the DMSP-OLS data in the corresponding year can be used as a mask to extract NPP-VIIRS data to filter out most of the minimum values and the maximum background noises caused by nonhuman activities in the NPP-VIIRS data. In addition, the maximum nighttime light threshold of the city is determined by different levels, first at the national level and then at the provincial level. On a national scale, the highest value of nighttime light intensity in the central urban areas among the top five cities in terms of gross regional product in a given year was used as the maximum constraint threshold for nighttime light intensity in Chinese cities in that year. Next, the maximum constraint threshold was determined by the province based on the constraint threshold on a national scale. The highest value of nighttime light intensity in the central urban areas of the top five prefecture-level cities in terms of gross regional product in the provincial administrative districts was used as the maximum constraint threshold for nighttime light intensity in that province.



To check the effect of background noise removal, this study made a comparative validation with some typical applications of nighttime light data. To test the effect of denoising, this paper fitted the three socioeconomic indicators including year-end total population, electricity consumption of the whole society, and gross regional product, which were obtained from the China Statistical Yearbook for each city, with the NPP-VIIRS data before and after denoising. In the study where the nighttime light data were fitted with socioeconomic parameters, the total value of nighttime light, the cumulative value of all nighttime light pixels in an administrative division unit, had a good characterization ability [52]. Therefore, based on 31 provincial-level administrative regions and 244 prefecture-level administrative regions, this paper analyzed the correlation between the total value of nighttime light and the three socioeconomic indicators mentioned above in 2012.




3.1.3. Interannual Continuity Correction


In general, the monthly NPP-VIIRS data show regular time series changes, while some dramatic changes may cause some variation in nighttime light intensity, such as wars [53]. To assess the impact of war devastation in Syria on monthly NPP-VIIRS data, Li et al. [54] compared the ratio indices of nighttime light and found that the temporal variation in the monthly NPP-VIIRS data was relatively stable, with a maximum difference of less than 10% between two months. However, considering the differences between countries in terms of economic development and spatial scope, this research corrected the annual NPP-VIIRS data in China.



With reference to the steady economic development from 2012 to 2017 and the previous studies on interannual correction of DMSP-OLS data [55,56], this study considered that the nighttime light intensity of Chinese cities gradually enhanced during the period. Therefore, in theory, the NPP-VIIRS data should have the following characteristics: at the same pixel location, the nighttime light intensity in the following year should not be less than that of the previous year; the number of nighttime light pixels greater than zero in the following year should be larger than that in the previous year; in terms of spatial distribution, the following year should show an expansion trend compared to the previous year; and the nighttime light pixels of the previous year should not disappear in the following year. Under the above assumptions, this research performed interannual continuity correction on the NPP-VIIRS data from 2012 to 2017 using the following equation:


          DN     (  n , i  )    =  {                                0             , when     DN    (  n − 1 , i  )    =   DN    (  n , i  )    = 0                         DN   n − 1 , i       , when     DN    (  n − 1 , i  )    ≥   DN    (  n , i  )                          DN    (  n , i  )             , when   DN     (  n , i  )    >   DN    (  n − 1 , i  )               ( n   =   2012 ,   2013 ,   … ,   2017 )    



(1)




where     DN    (  n , i  )      represents the value of the i-th pixel in year n; and     DN    (  n − 1 ,    i   )      represents the value of the i-th pixel in year n − 1.



Specifically, interannual continuity correction is the synthesis of band data (after preprocessing and denoising) from two consecutive years. With reference to the data from the first year, the pixel value of the data from the second year was determined by comparing the pixel values of the two annual data at the same pixel location. In this way, the interannual continuity correction of data was achieved. By comparing the data in 2012 and 2013 based on Equation (1), the corrected data for 2013 were determined and used as the new basic data for the data correction in 2014. Similarly, the NPP-VIIRS nighttime light images from 2012 to 2017 with a stable continuous time series were obtained.





3.2. Detection of Urban Centers


Due to the obvious human activity in urban centers, there is correlation between nighttime light and human activity in night. Because areas with high pixel values in nighttime light images have a high consistency with the spatial distribution of urban centers [37], pixels with high values in nighttime light images in urban areas are more likely to be urban centers. In general, the identification of urban centers in this research includes three steps: extraction of peak pixels based on the terrain analysis method, determination of a suitable window size for the neighborhood algorithm, and extraction of urban centers (Figure 3).



3.2.1. Extraction of Peak Pixels Based on Terrain Analysis


This study used the maximum neighborhood algorithm and the difference algorithm to extract the peak pixels with the largest nighttime light intensity within a limited spatial range. Figure 4 reflects the main process of extracting the peak pixels: subtract the pixel values of Figure 4b from the pixel values of Figure 4a to Figure 4c, and then extract Figure 4d according to Figure 4c. The detailed calculation process is described below.



The neighborhood refers to an area composed of several pixels adjacent to the target pixel in space and centered on the target pixel whose spatial extent is determined by the window size. Neighborhood windows in raster operations generally have rectangular, circular, ring, or fan shapes (Figure 5). To maintain neatness and avoid cutting the grid, 49 square windows with sizes of 3 × 3, 5 × 5, 7 × 7, ..., 25 × 25, ..., 99 × 99 were selected as potentially suitable windows for the maximum neighborhood algorithm.



The neighborhood algorithm iterated through all pixels in the nighttime light image, calculated the raster properties of the specified neighborhood range based on the limited window size, and moved the window continuously until the entire raster image was calculated. The maximum neighborhood algorithm assigned the maximum value of the nighttime light pixels in the neighborhood to all nighttime light pixels in the neighborhood. In the 3 × 3 window, the maximum neighbor algorithm compared the size of the center pixel with the values in the eight neighboring pixels. If the center pixel had the largest value, that value was assigned to the eight neighboring pixels; if one pixel among the eight neighboring pixels had the largest value, that value was assigned to the seven neighboring pixels. Such discriminations and assignments were performed pixel by pixel until all pixels were traversed in the nighttime light image. Since the operations between the neighborhood windows overlapped, the pixels after a certain operation could also be included in the neighbors of other pixels to be processed. Due to such characteristics, the neighborhood algorithm judged all pixels in the raster image and ensured the accuracy of the output result. Therefore, to traverse the nighttime light image pixels and output the result image with the peak pixels located in the center of the neighborhood, this study chose the following maximum neighborhood algorithm:


   P  out   = max  (   P 1  ,  P 2  , … ,  P n   )   



(2)




where    P  out     is the output value of the center pixel;    (   P 1  ,  P 2  , …  P n   )    are the values of pixels in the neighborhood of the limited window; and  n  is the number of pixels, which is determined by window size.



After the maximum neighborhood algorithm, the peak pixel value did not change, while the values of other pixels within the window range increased. Therefore, the difference calculation was performed on the data before and after the maximum neighborhood algorithm, and pixels with value of zero were the peak pixels that this research aimed to extract.




3.2.2. Determination of the Suitable Window Size for the Neighborhood Algorithm


The window size of the neighborhood algorithm limits the spatial range of the data involved in the calculation [57], which will directly affect the extraction results of the peak pixels. If the window size of the neighborhood algorithm is inconsistent, small cities will use small windows, while large cities will use large windows. Then, the number of peak pixels extracted may be the same, but the size of the neighborhood space it represents can be different. Finally, it can affect the accuracy of the number and scope of urban centers. The larger the population size and built-up area of a city are, the more size-limited windows it can accommodate, and correspondingly, the more peak pixels it will generate. Peak pixels extracted by the maximum neighborhood algorithm can serve as a potential identification area for urban centers. The uniform window size ensures a uniform comparison space for nighttime light intensity. Cities in different stages of urbanization can obtain peak pixels that can reflect the characteristics of their own urban areas, thus ensuring the comparability of extraction results. Therefore, it is necessary to determine the most suitable window size for the maximum neighborhood algorithm [58] so that the extracted nighttime light peak pixels in the city are reasonable, and the number and attribute characteristics of urban centers are comparable. For the above reasons, this paper used a uniform window size to extract peak pixels in all cities of China. The window size and the average nighttime light brightness of the peak pixels extracted with the corresponding window size can fit a significant logarithmic function curve (Figure 6), and this study analyzed the window size corresponding to the change point on the curve from steep to slow.



The mean change point method is a statistical method for processing nonlinear relationship data, most effective for tests with a unique change point. In Xinjiang [59], the Qinghai–Tibet Plateau [60], and other regions with large spatial ranges and marked differences in surface relief, this method was often used to determine suitable window sizes for terrain analysis. Because nighttime light images have similar “terrain” features as the DEM, this study used the mean change point method to determine the appropriate window size for the peak pixels of nighttime light intensity in the cities. The end of the time series in this study is 2017, and the latest urbanization dynamics can be reflected in this study according to the data in 2017. Therefore, based on the calculation results under different window sizes in 2017, this study determined the most suitable window size to extract peak pixels for Chinese cities and applied the window size to other years in the time series. The mean change point was calculated following the steps:



Step 1: Segmentation of the sample sequence. Peak pixels were obtained from a single nighttime light raster image, and its attribute value was the nighttime light intensity per unit area. The peak pixels were extracted with windows of different sizes in a specific city level form the data sequence  T . The logarithm of  T  was taken to obtain the sample sequence  X (  X =  {   x t  , t = 1 , 2 ,   … ,   49  }   ). Then,  i  was used to divide the sample sequence  X  into    x 1   ,    x 2   , ...,    x  i − 1     and    x i   ,    x  i + 1    , ...,    x N   .



Step 2: Statistical analyses. This study took  i  = 2, 3,  N  and calculated the arithmetic mean and statistics for each sample segment according to the following equations:


   X ¯  =   ∑   t = 1  N     x t   N   



(3)






     x  i 1    ¯  =   ∑   t = 1   i − 1      x t   N   



(4)






     x  i 2    ¯  =   ∑   t = i  N     x t   N   



(5)






   S i  =   ∑   t = 1   i − 1      (   x t  −    x  i 1    ¯   )   2  +   ∑   t = i  N     (   x t  −    x  i 2    ¯   )   2   



(6)






  S =   ∑   t = 1  N     (   x t  −  X ¯   )   2   



(7)




where  X  represents the sample sequence;   X ¯   represents the mean of all sample values;  N  represents the number of samples, and it is 49 in this paper;    x t    represents the t-th sample value;  i  represents the segmentation point of the sample  X ;      x  i 1    ¯    represents the mean of sample values in the first segmentation;      x  i 2    ¯    represents the mean of sample values in the second segmentation;    S i    represents the segmented statistic; and  S  represents the original sample’s statistic.



Step 3: Calculation of the difference between the original sample’s statistic  S  and the segmented statistic    S i   . The existence of the change point increases the difference between  S  and    S i   . When the difference between the two reaches the maximum, the change point can be determined.




3.2.3. Extraction of Urban Centers


With the appropriate window size, the peak pixels of nighttime light can be obtained using the maximum neighborhood algorithm on the nighttime light images in the cities. Since the peak pixel identifies a location where human activities are significantly active within a certain spatial range, the peak pixel within the urban areas identifies the potential location of the urban center. Therefore, this paper superimposes the extracted peak pixels on the land cover of the urban built-up area to obtain the peak pixels in urban areas. A time series correction for some outliers in the interannual variations in the peak pixels was performed, and the urban center points in cities were finally identified. In specific, the following steps were taken:



Step 1: Filtering the peak pixels in urban areas. Since the extraction of peak pixels is based on nighttime light images in all areas of China, some high-intensity nighttime light pixels that are not in urban areas will be identified. The built-up area from MCD12Q1 land cover data was used as a mask to extract the peak pixels in the urban areas. However, due to differences in algorithms and spatial resolution, there are some difference between the built-up area of MCD12Q1 and the actual built-up areas in Chinese cities [6], especially in small cities with limited built-up areas. To ensure the result accuracy, this study extracted the peak pixels that are spatially included and are in close proximity to the urban land cover data in the corresponding year. Our experiments found that the peak pixels extracted within the urban boundary or within a 3 km buffer zone outside the urban boundary were basically located in the urban built-up areas. Therefore, this study considered the peak pixels that had been screened according to the urban built-up areas as the urban centers.



Step 2: Correction of the urban center data. The maximum neighborhood algorithm was used to calculate the values for all pixels by moving the calculation window, and the position with the highest intensity of nighttime light in the spatial range was finally determined. When another high-intensity source of nighttime light appeared in the neighborhood of an urban center, the original position of the nighttime light peak was deprived. When the neighborhood algorithm gradually moved to the surrounding pixels, the peak pixel position also moved accordingly. When the algorithm moved beyond the boundaries of the administrative divisions of the city, the peak pixels of the city cannot be monitored, nor the center of the city. In particular, in cities with high brightness in surrounding cities but low brightness in their own centers, the number and spatial distribution of their extracted urban centers were not continuous in the interannual sequence.



In general, a monocentric city can develop into a polycentric city, and a polycentric city with only two centers can also become a monocentric city. However, for a city that has developed a central structure, in reality, there is almost no situation in which its center completely disappears. A monocentric city will maintain the existing number of centers or develop into a multi-center structure. In the development of polycentric cities, there may be alternating growth among multiple centers, which is manifested by the increase or decrease in the number of centers. This study considered that the centers of cities, with only one or two centers, will not disappear completely—that is, once only one center or two centers of a city are monitored, they will not disappear in subsequent years. Therefore, for a city with only one or two centers, if it is detected that its center point completely disappears in the following year, it is necessary to perform time series correction on the anomaly of city centers. Based on the dynamics of the number of urban centers (Table 2), this paper performed time series correction from 2012 to 2017 for cities with one or two centers that completely disappeared in the next year. For multi-center cities with two or more centers whose number of centers did not decrease to zero, the slight fluctuations in the number and location of centers were considered to be normal evolutionary features, so time series correction is unnecessary for these cities.





3.3. Accuracy Assessment


Differences in spatial scale, number of target cities, and extraction methods may cause subtle differences in the results of urban centers. To verify the result accuracy, this study validated the overall quantitative characteristics and spatial location of urban centers in China on a multilevel scale with reference to the existing research results [29,37,38,61,62] and Google Earth high-resolution remote sensing images.





4. Results


4.1. Preprocessing Results of NPP-VIIRS Data


After image synthesis, reprojection, resampling, and cropping, the NPP-VIIRS nighttime light images of China in 2012–2017 are shown in Figure 7.



At the provincial level with 31 units and the prefecture level with 244 units, this study calculated the square of the correlation coefficient (R2) between the total nighttime light intensity and three socioeconomic indicators (the year-end total population, gross regional product, and electricity consumption of the whole society) in 2012 (Figure 8). At the provincial level, the R2 of the total nighttime light intensity calculated with the data without denoising and the year-end total population, gross regional product, and electricity consumption of the whole society were 0.1452, 0.3296, and 0.3558, respectively. R2 of the total nighttime light intensity calculated with the denoised data and the year-end total population, gross regional product, and electricity consumption of the whole society were 0.1478, 0.355, and 0.3655, respectively. It is clear that the three sets of R2 values calculated using the denoised data were larger than those using the undenoised data. Specifically, the three sets of R2 increased by 1.79%, 7.86%, and 2.73%, respectively. Compared with the correlation analysis results at the provincial level, the correlation results at the prefectural level improved markedly. At the prefectural level, the three sets of R2 values calculated with the denoised data were also larger than those calculated with the data without denoising, and R2 increased by 1.26%, 1.07%, and 1.45%, respectively. At both the provincial and prefecture levels, compared with the original data, the NPP-VIIRS nighttime light data after denoising exhibited a better correlation with the three socioeconomic indicators and can better characterize human activities and socioeconomic parameters, showing the effectivity of removing background noise.



To test the interannual correction results, this study separately calculated the total nighttime light intensity of the cities at different socioeconomic development levels and collected random samples for testing in Chongqing (municipality), Taiyuan (provincial capital city), and Yuncheng (prefecture-level city) (Figure 9). The continuity of the interannual change shows good results regardless of whether the cumulative values of the pixels at the multiregional scale or single pixels were used.




4.2. Identification of Urban Centers


4.2.1. Extraction Results of Peak Pixels


As shown in Figure 10, based on NPP-VIIRS data, 49 window sizes were selected for the maximum neighborhood algorithm. The peak pixels of Chinese cities under different window sizes were obtained, and the number of peak pixels and the attributes of nighttime light intensity were counted. The number and brightness characteristics of the nighttime light peak pixels in cities were combined.



In terms of the quantitative characteristics of nighttime light peak pixels, overall, as the size of the window increased, the number of peak pixels in Chinese cities showed a decreasing trend with the power function. This decreasing trend can be roughly divided into a sudden decrease at small window sizes and a slow decrease at large window sizes. When the window size increased until it covered the entire city, the number of peak pixels decreased until the only peak pixel that represented the largest brightness value for the entire city was left. Specifically, the expansion of a small window caused a marked reduction in the number of peak pixels, while the expansion of a large window caused only a slight reduction in the number of peak pixels. When the window size of the neighborhood algorithm was small (i.e., the neighborhood spatial range was small), there were fewer horizontal comparisons among the nighttime light pixels, and a large number of neighborhood spaces were formed in the city. When a large number of peak pixels were generated, these peak pixels represented only a small neighborhood space covered by a smaller window. When the window size of the neighborhood algorithm increased (i.e., neighborhood space range increased), the number of horizontal comparisons among the nighttime light pixels increased. When the number of neighborhood spaces within a limited city reduced, the value of a peak pixel with a small brightness value was replaced by the value of a peak pixel with a high brightness value, and the number of peak pixels reduced accordingly.



In view of the brightness characteristics of nighttime light peak pixels, when the window size increased, the brightness of peak pixels in cities showed an increasing trend with the power function. This increasing trend can be roughly divided into a sudden increase at small window sizes and a slow increase at large window sizes. When the window size increased until it covered the entire city, the brightness of peak pixels increased until only the peak pixel that represented the largest brightness value for the entire city was left. In specific, the expansion of the small window caused a marked increase in the brightness of peak pixels, while the expansion of the large window caused only a slight increase in the brightness of peak pixels. When the window size of the neighborhood algorithm was small (i.e., the neighborhood spatial range was small), there were fewer horizontal comparisons among the nighttime light pixels, and a large number of neighborhood spaces were formed in the city. As a result, a large number of peak pixels with comparatively low brightness values were extracted. When the window size of the neighborhood algorithm increased (i.e., the neighborhood space increases), there were more horizontal comparisons among the nighttime light pixels in a large neighborhood spatial range. The values of the peak pixel with a small brightness value were replaced by the value of the peak pixel with a high brightness value. Finally, the brightness values of the extracted peak pixels increased.




4.2.2. Suitable Window for the Neighborhood Algorithm


Based on the mean change point method, this research determined the change point on the logarithmic function curve, which reflects the relationship between the window size for the neighborhood algorithm and the average brightness of the extracted peak pixels of Chinese cities in 2017. As shown in Table 3, when  i  is 12 (that is, the twelfth window size), the difference between  S  and    S i    reaches the maximum. In this paper, the twelfth window size corresponds to 25 × 25, so the rectangular area of 25 × 25 pixels is a suitable window for the extraction of peak pixels in Chinese cities.



In the NPP-VIIRS images with a spatial resolution of 500 m, a 25 × 25 pixel window for the neighborhood algorithm frames a rectangular area of 12.5 km × 12.5 km. In large cities with a clear polycentric structure, the population and industry are clustered in multiple and scattered urban centers [63], and the nighttime light peak pixels are somewhat scattered in the whole city. These cities tend to have a larger urban built-up area, more permanent urban residents, a larger range of nighttime light, and a greater intensity of nighttime light [32]. Therefore, these cities can accommodate a large number of neighborhood algorithm windows and peak pixels. However, for cities with underdeveloped polycentric structures, the population is mostly concentrated in a limited number of urban centers whose locations are concentrated [64]. The spatial distribution of peak pixels in these cities is mostly concentrated, and the numbers of windows and peak pixels that these cities can accommodate are relatively small.




4.2.3. Extraction Results of Urban Centers


Figure 11 shows the screening results of peak pixels in urban areas in Beijing. After the maximum neighborhood algorithm and difference calculation were employed based on the 25 × 25 window, this study obtained the peak pixels of the nighttime light intensity in China from 2012 to 2017. After the superimposed screening with the urban built-up area, this study obtained the peak pixels within the urban areas, and it clearly indicated the locations of the cities where human activities were significantly high.



In this study, the peak pixels within the urban areas were identified as the urban centers. Using 2012 as the base data, the number of central points in each city in 2013 was compared with that in 2012, and results indicated that the central points of 12 monocentric cities disappear. Therefore, the unique central point data for these 12 cities in 2012 were assigned to these cities in 2013. Then, this study identified 20, 2, 16, and 17 monocentric cities that need to be corrected in 2014–2017. In terms of cities with two centers that disappeared in the following year, only 2 and 15 cities were found in 2013 and 2016, respectively. Therefore, the two centers of these cities monitored in the previous year were assigned to the following year. Then, this study extracted the urban centers in China that can reflect the continuous time series changes from 2012 to 2017 and counted the number of multi-center cities in China over the six years.



Table 4 and Figure 12 show the number and distribution of urban centers in China from 2002 to 2017. In general, the temporal variation and spatial distribution of Chinese urban centers showed two main characteristics. First, the number of urban centers in China grew slowly, and cities with multi-center structures increased annually. Second, there were large regional differences in the number of urban centers, and polycentric cities were mostly concentrated in northern China and the eastern coastal areas of China.



In terms of the temporal changes, the multi-center urban structure is the direction of China’s urban development. Non-center cities were constantly transformed into monocentric cities. Monocentric cities continued to form new center(s), and multi-center cities continued to grow. As of 2017, there were 7239 urban centers distributed in 2200 cities in China, with an average of approximately 3.3 urban centers per city. Approximately 68% of cities had two or more centers, the polycentric urban structure; approximately 24% of cities had only one city center, a typical monocentric structure; and approximately 8% of cities did not have urban centers.



The characteristics of polycentric structure cities at various scales are obviously different. In terms of economic regions, the proportion of polycentric cities in each region showed the following pattern: eastern region > northeast region > central region > western region. The proportions of monocentric and non-center cities were completely opposite to that of multi-center cities (east region < northeast region < central region < west region). In terms of city levels, cities at high levels are more likely to have the polycentric structure. In 2017, all super metropolises (four cities), mega-cities (five cities), and large cities I (ten cities) were polycentric. When the urban hierarchy decreased from large cities II (56 cities), the proportion of cities with a multi-center structure shrank. In the meantime, the lower the urban hierarchy was, the higher the proportion of cities with mono-center and non-center structures was (Table 5).





4.3. Accuracy Assessment


4.3.1. Accuracy Assessment Based on the Results of Existing Studies


In terms of the number of multi-center cities and the number of urban centers in subregions, our results are comparable with the previous results [38,61,62]. Notably, however, the smallest scale of this research is county-level cities, so a larger number of cities were analyzed in the current study. In addition, this paper focused on analyzing the proportion difference of cities with various central structures.



Liu and Wang [61] identified the polycentric morphology of 364 Chinese cities at or above the prefecture level in 2012 and found that 318 cities had a central structure. Among the 318 cities, the number of non-center, monocentric, and multi-center cities accounted for 13%, 37%, and 50% of the total number of cities, respectively. Based on the population density LandScan data in 2014, Li et al. [62] identified 337 Chinese cities at or above the prefecture level, and their monitoring results showed that 31 cities (accounting for approximately 9% of the total number of cities) in western China did not have urban centers. The above two studies were conducted in Chinese cities that were at or above the prefecture level and covered a large spatial scale. Their research results confirmed that the multi-center structure had become the development model for nearly half of Chinese cities at or above the prefecture level, and cities with no center structure existed in West China. Similarly, the extraction results of the current study show that the proportions of non-center, monocentric, and multi-center cities in China in 2012 were 9%, 26%, and 65%, respectively. In 2014, the proportion of non-center cities in China was 8.6%, which was consistent with the conclusions of the above two studies.



Based on the annual NPP-VIIRS nighttime light data in 2015, Luo and Li [38] identified 289 Chinese cities at or above the prefecture level. They found that 181 cities had a polycentric structure, around 63% of the cities that they studied. Similarly, the current study extracted 1473 polycentric cities, approximately 67% of 2200 researched cities. Luo and Li [38] also found that the number of urban centers increased with the city level from small city II to mega-city. As shown in Table 6, the similar relationship between the city levels and the numbers of centers was found in this study in the eastern, central, and western regions. However, there are some differences in the number of centers in small cities I and II in northeastern China between the current study and Luo and Li [38]. This difference is mainly due to the fact that this paper used the spatial neighborhood algorithm method to identify the most significant areas of human activity in the square space with a side length of 12.5 km. In small cities I and II with developed heavy industry in northeastern China, the factory areas can be easily captured and recognized as the urban center because of its high nighttime light brightness in the neighborhood. Luo and Li [38] used the percentage threshold method at the prefecture-level city scale, while this method filtered out centers in some areas where the light brightness was strong but the overall brightness did not reach the top 10% of the city brightness. Compared with previous results, the number of urban centers identified in this research was relatively higher in small cities in northern China and northeastern China, mainly because of the differences in methods.



On the city scale, the spatial accuracy of the urban centers extracted in this study was compared with the locations of the urban centers identified in previous studies. Using the NPP-VIIRS nighttime light data from 12 months in 2014, Chen et al. [37] extracted 33 urban centers in Shanghai. With NPP-VIIRS nighttime light and social media location data from April 2015 to April 2016, Cai et al. [29] not only identified main centralized and continuous centers in Beijing, Shanghai, and Chongqing but also identified several subcenters in the three cities (10, 12, and 8, respectively). Figure 13 shows the results of the spatial superposition of the urban centers identified in this research and previous studies [29,37]. The comparison shows that the identification results of the urban center in this study are the most extensive. Almost all urban centers identified in previous studies can be found in the current study. For example, in Shanghai, this study effectively identified the financial business centers such as Lujiazui and Hongqiao; transportation centers such as airports and railway stations in Pudong and Hongqiao; urban subcenters such as Qingpu District, Jiading District, Fengxian District, and Zizhu National High-tech Industrial Development Zone in Minhang District; and industrial centers such as Yuepu Industrial Park in Baoshan District, Gaoqiaozui Port in Pudong New District, and Wuhaogou Port and Yangshan International Trade Center in Jinshan District.




4.3.2. Accuracy Assessment Based on High-Resolution Remote Sensing Images


Combined with high-resolution remote sensing images, the internal spatial structure of a city can be analyzed at a fine scale. To further improve the accuracy of identification results in small and medium-sized cities, this study superimposed the identified urban centers on the high-resolution remote sensing images in the corresponding years and compared the identified urban centers with the actual spatial structure of the cities (Figure 14). The results show that the centers of the small and medium-sized cities identified in the current study were mainly distributed near the squares, government offices, and train stations of the cities, which basically coincide with the central structure of the cities and can effectively characterize the distribution of the small- and medium-sized cities.






5. Discussion


Identifying the centers for a large number of cities over a large scale is a challenging task. The interaction between natural factors, such as geomorphology and land cover type, and socioeconomic factors, such as industrial structure, economic level, and planning and management capabilities, has formed different urban center distribution patterns [65]. Based on NPP-VIIRS nighttime light data, this research extracted the urban centers in China over a large spatial scale. To enhance the comparability of different urban centers, this paper used a neighborhood computing window of uniform type and size. The size of the window was determined by the mean change point method, but the regular square window was not necessarily suitable for cities with different shapes.



The urban center extraction method proposed in this paper is suitable for large spatial scales. This method can obtain information on the number of urban centers that can be compared simultaneously. In addition, this method can improve the identification accuracy of center positions of high-level multi-center cities and low-level monocentric cities. However, more work is still needed to further improve the accuracy of the method.



Variations in urbanization, socioeconomic level, and type of industrial structure can amplify the differences in the nighttime light intensity between cities. Although the current nighttime light data can accurately assess the level of urbanization, cities with different urbanization and socioeconomic levels have differences in light equipment, light power inputs, and others [66]. Large cities with strong economic strength create “urban lighting” activities at night—that is, many financial resources are invested in artificial lights to light up the city, with a view to enhancing the city’s image and attracting tourists [67]. These activities may cause cities with more nighttime lights to appear brighter because cities with relatively weak economic strength may do less in this regard. The above difference is reflected in the brightness of the nighttime light image, while more studies are still needed to evaluate the difference in socioeconomic parameters characterized by unit brightness values in different cities. In addition, existing studies have found that industrial areas in cities exhibit strong performance in nighttime light, usually with higher nighttime light intensity than commercial and residential centers [26]. The method for identifying urban centers proposed in this study characterized the degree of human activity through the nighttime light intensity and compared the pixels based on the neighboring relationship in a limited neighborhood space. Generally, urban areas have brighter nighttime lights than nonurban areas [68,69], but there are differences in the ability of human activities to express nighttime light among different areas within the city [70,71]. When industrial centers and other centers are relatively close in distance, especially in the same neighborhood space, the nighttime lights in the industrial area can replace the lights in other areas as peak pixels; thus, the industrial areas will become the representative of the entire neighborhood space and even city center in the area. Some cities with developed secondary industries (especially heavy industries such as minerals, natural gas, and petrochemicals) have a large number of petrochemical and smelting factories distributed at the edge of the cities. These factories showing high nighttime light brightness will affect the identification of urban centers. Nighttime light provides information on the degree of human activity, but on the city scale, it may not be able to fully characterize the differences in population agglomerations among different areas within the city. In terms of the city shape, for strip-shaped river valleys and coastal cities, rectangular and fan-shaped windows may have a better identification effect. Therefore, careful classification and specific recognition are required according to different factors, such as the city shape, economic zoning, population size, and economic level. In addition, neighborhood computing windows of different sizes need to be determined for various levels of cities.



NPP-VIIRS monthly synthesis products themselves still has some shortcomings that can affect the urban center extraction results. At larger spatial and temporal scales, changes in atmospheric turbidity and different satellite views can affect the cloud-free radiation data, leading to some errors in the NPP-VIIRS monthly synthesis products and thus affecting the extraction results for urban centers. Additionally, due to its broadband response, the NPP-VIIRS is sensitive to spectral composition of light sources in a city and also wavelength-dependent optical distortion in the atmosphere. The cumulative emissions from many individual sources of light are different for different wavelengths [72], so further work will consider light emissions for different wavelengths. Moreover, because the time acquiring the NPP-VIIRS images is very late at night when post ornamental lights in China are off, this time bias can have an impact on the extraction results for urban centers [73]. LuoJia1-01 with full coverage of China can make up for that deficiency, so we will consider using LuoJia1-01 data for further study. Our results indicate that super metropolises, mega-cities, and large cities all have polycentric structure over the research period. For the sustainable development of these cities, more attention is still needed to optimize city structure and avoid negative environmental and ecological impacts [74,75]. There are also many cities with a single center. From 2002 to 2017, the number of Chinese cities with polycentric structures has gradually increased, indicating a steady improvement in urban development. Considering the rapid economic development and population growth and consequent environmental impact [76,77], proper city planning is needed and polycentric structure should receive more attention.




6. Conclusions


Based on the NPP-VIIRS annual data from 2012 to 2017, this paper developed a new method to identify the urban central points in China. Comparison of current results with previous urban center identification results and high-precision remote sensing images confirmed the validity of current study. The specific conclusions are drawn as follows:



The urban centers extracted in this study were determined by the locations where the levels of human activities were significantly higher than those in other regions within a certain spatial range. Based on the NPP-VIIRS nighttime light data, this paper extracted the peak pixels with brightness values in a certain neighborhood. Specifically, this method includes the following steps: correction of the NPP-VIIRS data, the maximum neighborhood algorithm, the mean change point method to determine the appropriate window, difference calculation, extraction of urban areas, and time series correction.



To enhance the comparability of cities on a large spatial scale, this study divided cities by economic development (four regions) and city levels (three categories (large cities, medium cities, and small cities) and seven levels). Aside from super metropolises and mega-cities, the distribution of the other five classes of cities in the four economic regions was relatively balanced, indicating a strong match between the economic levels and the city development.



As of 2017, Chinese cities had an average of approximately 3.3 centers, and around 68% of the cities have developed a multi-center structure. From 2012 to 2017, the number of polycentric cities has gradually increased. However, there was uneven spatial distribution of polycentric cities, and they were concentrated in the eastern coastal areas and northern China.



The extraction results of the current study show that the proportions of non-center, monocentric, and multi-center cities in China in 2012 were 9%, 26%, and 65%, respectively. In 2014, the proportion of non-center cities in China was 8.6%. We extracted 1473 polycentric cities, approximately 67% of 2200 researched cities. By comparing with previous research results and high-resolution real-time remote sensing images, the urban centers extracted in this paper were verified. Our results are consistent with the actual urban centers and can effectively reflect the number, location, and development level of the urban center area over a large spatial scale. Due to the new method, the number of urban centers in northern China and northeastern China in the current study were relatively higher than those in previous studies.
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Figure 1. Four economic regions (a) and seven city classes (b) in China. 
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Figure 2. Global NPP-VIIRS nighttime light image in December 2012. 
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Figure 3. Flow chart for extracting China’s urban centers based on NPP-VIIRS data. 
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Figure 4. An example of the extraction process of peak pixels in Beijing, China: (a) is the corrected NPP-VIIRS image, (b) is the result image of maximum neighborhood algorithm, (c) is the result image of difference neighborhood algorithm, and (d) is the peak pixels extracted by (c) and city border. 
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Figure 5. Typical shapes of the neighborhood window. 






Figure 5. Typical shapes of the neighborhood window.



[image: Remotesensing 12 03248 g005]







[image: Remotesensing 12 03248 g006 550] 





Figure 6. The relationship between window size and nighttime light peak pixel quantity and intensity of all cities in China. 






Figure 6. The relationship between window size and nighttime light peak pixel quantity and intensity of all cities in China.



[image: Remotesensing 12 03248 g006]







[image: Remotesensing 12 03248 g007 550] 





Figure 7. Raw NPP-VIIRS nighttime light images of China from 2012 to 2017. 
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Figure 8. Comparison of the correlation between NPP-VIIRS nighttime light images and three socioeconomic parameters before and after the removal of background noise. 
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Figure 9. Results of interannual correction. 






Figure 9. Results of interannual correction.



[image: Remotesensing 12 03248 g009]







[image: Remotesensing 12 03248 g010 550] 





Figure 10. The relationship between window size and nighttime light peak pixel quantity and intensity. 
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Figure 11. Comparison before and after urban area extraction in Beijing, China. 
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Figure 12. Comparison of the number of urban centers in China between 2012 and 2017. 
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Figure 13. Comparison of urban center locations between this study and two previous research studies [29,37]. 
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Figure 14. Comparison of urban center locations between this study and high spatial resolution remote sensing images in nine selected cities. 
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Table 1. Economic regions and city classes.
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City Classes

	
Urban Population

(×104)

	
Northeast

China

	
Eastern

China

	
Central

China

	
Western

China

	
Total Number of Cities






	
Large city

	
Super metropolis

	
>1000

	
-

	
3

	
-

	
1

	
4




	
Megacity

	
500–1000

	
-

	
3

	
1

	
1

	
5




	
Large city I

	
300–500

	
4

	
3

	
1

	
2

	
10




	
Large city II

	
100–300

	
4

	
28

	
11

	
13

	
56




	
Medium city

	
Medium-sized city

	
50–100

	
17

	
33

	
31

	
14

	
95




	
Small city

	
Small city I

	
20–50

	
16

	
100

	
85

	
56

	
257




	
Small city II

	
<20

	
137

	
346

	
436

	
844

	
1773
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Table 2. Time series detection of urban centers.
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Type of City

	
Number of Centers

	
Change in

the Number

of Centers

	
Difference Between

the Number of Centers

in the Following Year

and the Previous Year

	
Processing Model






	
Multi-center

	
≥2

	
Increase

	
>0

	
Do not process




	
≥2

	
Unchanged

	
0

	
Do not process




	
≥2

	
Decrease

	
<0

	
If it decreased to zero, the center point from the previous year is assigned to the following year; otherwise, it will not be processed.




	
Mono-centric

	
1

	
Increase

	
>0

	
Do not process




	
1

	
Unchanged

	
0

	
Do not process




	
1

	
Decrease

	
<0

	
Assign the center point of the previous year to the following year




	
Non-center

	
0

	
Increase

	
>0

	
Do not process




	
0

	
Unchanged

	
0

	
Do not process
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Table 3. The difference between  S  and    S i   .
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	i
	S-Si
	i
	S-Si
	i
	S-Si
	i
	S-Si
	i
	S-Si
	i
	S-Si





	1
	0.072
	9
	0.306
	17
	0.332
	25
	0.292
	33
	0.216
	41
	0.119



	2
	0.126
	10
	0.315
	18
	0.329
	26
	0.284
	34
	0.206
	42
	0.105



	3
	0.169
	11
	0.323
	19
	0.325
	27
	0.275
	35
	0.195
	43
	0.091



	4
	0.205
	12
	0.339
	20
	0.322
	28
	0.266
	36
	0.183
	44
	0.077



	5
	0.234
	13
	0.332
	21
	0.318
	29
	0.257
	37
	0.171
	45
	0.062



	6
	0.258
	14
	0.334
	22
	0.312
	30
	0.247
	38
	0.159
	46
	0.048



	7
	0.278
	15
	0.334
	23
	0.306
	31
	0.237
	39
	0.146
	47
	0.032



	8
	0.293
	16
	0.333
	24
	0.300
	32
	0.227
	40
	0.132
	48
	0.016
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Table 4. Numbers of three types of cities in China from 2012 to 2017.
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	Year
	Multi-Center City
	Monocentric City
	Non-Center City





	2012
	1440
	561
	199



	2013
	1451
	559
	190



	2014
	1471
	539
	190



	2015
	1473
	537
	190



	2016
	1486
	543
	171



	2017
	1501
	530
	169
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Table 5. Proportion of cities with different numbers of centers in four economic regions and seven city classes in 2017.
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	Regions/City Classes
	Multi-Center City
	Monocentric City
	Non-Center City





	Eastern China
	89.91%
	9.38%
	2.48%



	Northeastern China
	82.97%
	17.58%
	6.59%



	Central China
	68.77%
	25.29%
	7%



	Western China
	51.88%
	33.62%
	16%



	Super metropolis
	100%
	0%
	0%



	Mega-city
	100%
	0%
	0%



	Large city I
	100%
	0%
	0%



	Large city II
	92.86%
	7.14%
	0%



	Medium-sized city
	82.11%
	14.74%
	3.16%



	Small city I
	80.93%
	14.79%
	4.28%



	Small city II
	64.52%
	26.73%
	8.74%
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Table 6. Comparison of number and proportion of urban centers in four economic regions and seven city classes in 2017.
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Results of Previous Studies *

	
Results of this Study




	
City Classes

	
Eastern China

	
Central China

	
Western China

	
Northeastern China

	
Eastern China

	
Central China

	
Western

China

	
Northeast

China






	
Super metropolis

	
18

(33.2%)

	
0

(0)

	
21

(57.1%)

	
0

(0)

	
27.667

(29.4%)

	
0

(0)

	
79

(65.7%)

	
0

(0)




	
Mega-city

	
17.33

(32.0%)

	
0

(0)

	
0

(0)

	
0

(0)

	
30.666 (32.6%)

	
28

(64.0%)

	
9

(7.5%)

	
0

(0)




	
Large city I

	
8.5

(15.7%)

	
8.25

(52.2%)

	
7.33

(19.9%)

	
8

(54.2%)

	
14.333

(15.3%)

	
1

(2.3%)

	
16

(13.3%)

	
21.5

(49.9%)




	
Large city II

	
4.88

(9.0%)

	
4

(25.3%)

	
4.27

(11.6%)

	
3.75

(25.4%)

	
8.143

(8.7%)

	
4.818

(11.0%)

	
6.307

(5.2%)

	
7.75

(18.0%)




	
Medium-sized city

	
2.76

(5.1%)

	
2

(12.7%)

	
2

(5.4%)

	
1.62

(11.0%)

	
5

(5.3%)

	
3.452

(7.9%)

	
4.214

(3.5%)

	
3.875

(9.0%)




	
Small city I

	
1.71

(3.2%)

	
1.56

(9.9%)

	
1.41

(3.8%)

	
1.38

(9.4%)

	
4.93

(5.2%)

	
3.894

(8.9%)

	
3.625

(3.0%)

	
4.187

(9.7%)




	
Small city II

	
1

(1.8%)

	
0

(0)

	
0.75

(2.0%)

	
0

(0)

	
3.247

(3.5%)

	
2.571

(5.9%)

	
2.087

(1.7%)

	
5.8

(13.5%)




	
Mean

	
4.14

	
2.38

	
2.24

	
2.63

	
4.308

	
2.904

	
2.391

	
5.879








* Luo and Li [38].
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