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Abstract

:

To measure and present urban size urban spatial forms, in solving problems in the rapid urbanization of China, urban territorial scope identification is essential. Although current commonly used methods can quantitatively identify urban territorial scopes to a certain extent, the results are displayed using a continuous and closed curve with medium- and low-resolution images. This makes the acquisition and interpretation of data challenging. In this paper, by extracting discretely distributed urban settlements, road intersections in OpenStreetMap (OSM), electronic maps, and urban expansion curve based on fractal thoughts have been used to present urban territorial scope and spatial form. Guangzhou, Chengdu, Nanjing, and Shijiazhuang cities were chosen as the identification targets. The results showed that the distance threshold corresponding to the principal curvature point of the urban expansion curve plays a vital role in the extraction of urban settlements. Moreover, from the analysis, the optimal distance thresholds of urban settlements in Guangzhou, Chengdu, Nanjing, and Shijiazhuang were 132 m, 204 m, 157 m, and 124 m, respectively, and the corresponding areas of urban territorial scopes were 1099.36 km2, 1076.78 km2, 803.07 km2, and 353.62 km2, respectively. These metrics are consistent with those for the built-up areas.
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1. Introduction


Urbanization is inevitable the economic development of any country. According to data released by the National Bureau of Statistics of China, the urbanization rate in China reached 59.58% by the end of 2018 [1]. Urbanization not only facilitates socio-economic development, but it also accelerates the exposure of urban problems. The development of urban and rural areas can be unbalanced. Take for instance, in some areas in China, the rate of land urbanization has exceeded that of population urbanization, and resources have been consumed excessively. Moreover, degradation of the ecological environment and other problems are non-negligible in the context of urbanization. As a result, the sustainable development of cities is impeded significantly [2,3]. To solve these problems and to realize a scientific and sustainable urban development, many scholars have put forward new ideas: eco-city [4] and smart city [5]. To realize these ideas, the present situation of urban development needs to be understood, the size of cities also needs to be scientifically measured, planning and arrangements should be adjusted, and the blind expansion of cities should be regulated [6].



One of the prerequisites for measuring the urban size is the clear definition of urban boundaries and urban territorial scopes. Different definitions of urban boundaries directly affect the inferences from statistical analysis of urban activities. In urban geography, there are three key concepts for cities: city proper, urban agglomerations and metropolitan areas [7,8]. Urban agglomerations are sometimes replaced with urbanized areas [8,9]. Different urban concepts correspond to different urban boundaries and urban territorial scopes. When the territorial scope is effectively defined and the urban size is objectively determined, urban spatial information can be correctly extracted, and conclusions drawn from the spatial information can truly reflect urban characteristics [9].



The urban boundary and urban territorial scope, that is, the actual spatial scope of a city, are comprehensive concepts revolving around a variety of factors. Some of these factors include economy, society, population distribution, and geomorphological characteristics [10]. Many other related concepts such as central city area, main city area, built-up area, land for urban construction, downtown and administrative region of a city, etc. can be found in existing research works and applications [11,12]. Amongst these, the central city area, main city area, downtown, administrative region of a city, and land for urban construction are defined in terms of management functions as fixed areas. This is assuming that planning and policies remain unchanged and dynamic urban temporal and spatial changes are not reflected as a result [10,12]. The concept closest to the urban territorial scope is the built-up area. The built-up area is an official statistical index adopted in the China Urban Construction Statistical Yearbook that considers both temporal and spatial characteristics of built-up areas in cities [12], These characteristics are mainly obtained from local departments’ reports. The smallest statistical unit is the town. Although the built-up boundaries of cities may vary due to being in the form of data collected without the support of spatial scopes, they are still the official standard for national urban planning [12].



Scholars from various backgrounds have defined the urban boundary and urban territorial scope using different viewpoints. In a traditional sense, the urban boundaries mainly refer to the boundaries of administrative divisions or those defined subjectively by demographic data [13,14,15]. For example, the boundaries of administrative divisions are closely related to the urban planning scope that cannot truly reflect the actual development scope of the city [16,17]. At the same time, the data showing the boundaries of administrative divisions are mostly from the surveying department. The data often difficult to obtain due to their long cycle and poor shareability [14,15,18]. The statistical inferences drawn from urban and rural population are often dynamic [15,19]. As a result, the accuracy and timeliness of the analysis based on demographic data may also be limited [14,15]. To reflect the real urban boundaries and urban territorial scopes objectively and quantitatively as much as possible, multi-source remote sensing data and quantitative methods are widely used for urban boundary identification. To extract the urban boundaries, some scholars determined the optimal light threshold using Defense Meteorological Satellite Program (DMSP). Visible Infrared Imaging Radiometer Suite (VIIRS) night light data through spatial clustering, remote sensing interpretation, mutation detection and comparison of statistical data [20,21,22,23,24]. Other scholars also conducted research on urban boundary identification using alternative methods.



For example, Yao et al. [25] extracted and optimized the urban boundaries using vector data of small-scale residential areas based on triangulated irregular network (TIN). Tan and Chen [26] used remote sensing data to extract the urban boundaries based on spatial fusion algorithm and geographic information system (GIS). Lin et al. [17] explored the urban boundaries using electronic map points of interest based on kernel density estimation. However, the above methods all have their limitations. Zhang et al. proposed a semi-automatic method for the extraction of urban boundaries by using high-resolution images and geographical information data to combine urban landscape with morphological characteristics [27,28]. This method also integrates geographical knowledge with a series of normalization rules [27,28]. Gong et al. used satellite images with a resolution of 10 m, OSM, nighttime light, interest points, and Tencent social big data to generate the essential urban land use categories (EULUC), to depict the urban territorial scope [29]. The above methods are also defective in one way or another. The inherent excessive luminescence, or more specifically, the inherited blurring, in defense meteorological satellite program (DMSP)sensors and data management magnifies the apparent area of urban areas by 150–500%. Such a ratio becomes larger when it comes to smaller cities [24], with poor accuracy of products. Although this can be mitigated by visible infrared imaging radiometer (VIIRS)data to some extent, spatial details are still insufficient, and the determination of the optimal threshold still relies on subjective experience [24]. For the TIN method, spatial neighborhood fusion algorithm, and kernel density analysis are employed. Consequently, the selection of side length, threshold, and bandwidth is based on subjective experience. Therefore, the TIN method cannot be applied generically [18]. For the semi-automatic extraction method with high-resolution images, the results of urban boundaries need to be interpreted and revised manually in line with certain rules that are subjective and difficult to be repeatedly proved [27,28]. The data sources of EULUC in China are so vast that the processing is complicated. Since data were obtained in the early stage using inconsistent sampling standards. Due to the subjectivity of sample collection [29], it was challenging, in the process, to erase the accumulative errors and other errors resulting from multi-source data, leading to significant differences in accuracy of different cities.



In terms of the extraction of urban boundaries and urban territorial scopes, foreign scholars often identify the urban morphological boundaries and urban territorial scopes from a novel perspective, spatial self-organization [30,31,32,33,34,35,36]. There are four widely used methods, namely, the city clustering algorithm (CCA) proposed by Hernán et al. [37] and Rozenfeld et al. [38], the automatic identification method of urban settlement boundaries put forward by Chaudhry and Mackaness [39], the fractal-based method presented by Tannier et al. [18,40], and the approach to derive ”natural cities” by clustering street nodes/blocks, individual social media users’ locations or buildings locations developed by Bin Jiang and Tao Jia [14,35,41,42]. Bin Jiang and Tao Jia’s method (i.e., the fourth method) can be treated as a revised or an improved CCA. The first method is based on CCA, so it is necessary to set the buffer radius value (i.e., cluster resolution) in advance, and the prediction relies on subjective experience. For the second method, vector data at different scales which are not readily available are required. It is also difficult to guarantee the accuracy and timeliness of available vector data. For the third method, fractal geometry which is widely used in urban geography research is adopted, and several empirical studies and theoretical analyses have shown that urban morphology possesses fractal properties [34,43,44,45,46,47,48]. Even though the subjectivity in the research can be overcome from a fractal perspective [18,19], interpreting building vector data through the means of remote sensing images is a complicated process, and it is difficult to ensure its accuracy. For the fourth method, using road intersections to generate natural cities is mainly based on CCA. This requires the buffer radius value to be set in advance. Using social media users’ locations and buildings’ locations is based on the Head/Tail Breaks and the TIN method. Even though this avoids the subjective experience, it cannot accurately describe urban boundaries and lacks spatial details. Hence, it is more suitable for exploring the city distribution laws in a large space of a whole nation or even the world [27]. Particularly, there is currently no concept or definition of the urban boundary and urban territorial scope that is universally acknowledged [49]. Moreover, the results of the methods above are closely related to the selected data sources [27].



In the existing works on the urban boundary and urban territorial scope identification, almost all the results associated with urban boundary extraction can be expressed as a continuous closed curve between urban and rural areas. Since the effective influence scope of the geographic spatial interaction is directly restricted to the geographic bordering, the urban territorial scope can be determined. Because the urban territorial scope is continuously distributed in a certain space, an irrationality due to the lack of strict scientific verification exists [19,26]. It is very difficult or even impossible to draw a boundary with strict scientific significance between urban and rural areas [10,26]. The reason is that the city itself is a product of a certain historical stage, and the concept of the city is constantly changing under different historical conditions. More importantly, it is a gradual and interlaced process of transformation from the city to the countryside. Apparently, there is no obvious sign of the disappearance of the city and the emergence of the countryside [10]. The urban territorial scope is presented by a large and discretely distributed urban settlement composed of different geographical units in a certain space by effective spatial interactions, and such interactions are formed through geographic bordering and non-bordering [26].



To solve the above-mentioned problems, in this paper, the focus has been shifted from the identification of traditional and continuously closed urban boundaries and of the urban territorial scope to the identification of discretely distributed urban settlements in the space, with the aim of measuring the sizes of cities. From the research ideas of Jiang et al. [14] and Tannier et al. [18], open data including the OSM and electronic maps [50,51] with higher accuracy and wide applications in urban areas have been easily accessed and used. Intersections of urban vector road networks were extracted to substitute vector building data to avoid the subjective experience. The urban expansion curve based on fractal geometry was adopted to explore the distribution of regional urban settlements, and to identify the regional scopes and spatial distribution forms of cities. As a result, the staggered and discrete distribution of cities and rural areas in the space are displayed to provide new ideas for tackling the core of urbanization problems in China, that is, how to determine the urban territorial scope.




2. Materials and Methods


2.1. Research Regions and Data Sources


China has a large territorial area and with variances in her natural geographical environments. As a result, the selection of representative cities for exploring the spatial distribution of regional urban settlements is quite challenging. In this paper, the representative cities were selected based on the following criteria: (1) The cities are evenly distributed all over China. (2) The cities are characterized by large total economic output and a significant economic growth rate, which typify China’s urban development. (3) The cities are part of China’s traditional economic circles or large urban agglomerations, such as the Yangtze River Delta Economic Circle, the Pearl River Delta Economic Circle, and the Bohai Economic Circle. (4) Among the top 10% for the ranking of their urban built-up areas. Using these criteria, four cities (i.e., Guangzhou, Chengdu, Nanjing, and Shijiazhuang) were selected as the representative cities. The four representative cities are in the east, south, west and north of China, respectively. They all have a large urban size and possess representative urban spatial forms. Among them, Guangzhou (the central city of the Pearl River Delta Economic Zone) which is a traditional first-tier city [52] has its built-up area ranked as 3rd in China according to the China Urban Construction Statistical Yearbook 2018. Chengdu which is the first major city in the western region has a built-up area ranked as 6th in China. Nanjing (an important central city in the eastern Yangtze River Delta) which is an emerging quasi-first-tier city [52] has a built-up area ranked as 8th in China. Shijiazhuang (the first major city in the Beijing-Tianjin-Hebei region, except for Beijing and Tianjin) is a second-tier city [52], and its built-up area is ranked as 33rd in China. The method adopted in this paper is not restricted by territorial scopes [18]. The regional spatial scopes of the four cities were bounded by their administrative boundaries (including only municipal districts and excluding counties under city administration and county-level cities). All the administrative regions of Guangzhou (11 districts) and Nanjing (11 districts) were included. The territorial scopes of Shijiazhuang (eight districts, 11 counties, and three county-level cities) and Chengdu (11 districts, four counties, and five county-level cities) were too large compared with those of the other two cities. Moreover, the distance between remote counties or county-level cities and the downtown area was over 100 km. Due to the long distance between the territorial scope and the main city area, these counties or county-level cities are more like neighboring cities. Therefore, the regional scopes of counties and county-level cities of the two cities were removed, and only that of the main city area was selected, in an attempt to conform to the continuity of selected areas in Guangzhou and Nanjing [27,28]. The research spatial scope is between 500 km2, and 4500 km2, (see Figure 1).



The areas of human activities are connected by roads, and where there are roads, there are human footprints [14]. Road intersections are formed with connected and intersecting roads, and the region between adjacent intersections is the area of main human activities, ultimately forming urban regions. The smallest urban settlement also contains at least one road intersection. The denser the road intersections, the more frequent the city activities [14,15]. The road intersection data can be used to display the formation and evolution of urban settlements [14,19]. With the rapid development of Internet technologies, a vast number of data resources have been produced, and the effective use and mining of big network data has led to new research ideas [14,17]. OSM and electronic maps are the shared and innovative applications of map data [14,15,50,51,53,54,55]. Today, OSM data covers most of the cities in China, while electronic maps cover a larger area, including all urban areas in China. Road intersection data are an integral part of OSM and electronic maps, and they help limit the constraints of data on urban geography research [14,19]. In this paper, the street network data of the target city were extracted from OSM first [14,15], and then the single-layer road network data of the target city at a zoom level of 16, were obtained using electronic map application programming interface (API). With the combination of the two kinds of data, a complete urban road network was generated (see Figure 2). Finally, road intersections were extracted using GIS-based topological relationship among elements.




2.2. Research Methods


The method adopted in this paper mainly consists of three steps: (1) data preprocessing; (2) calculation of critical threshold; (3) extraction of urban settlements. The extraction of urban settlements is carried out as detailed in Figure 3. Firstly, the vector road network was obtained through OSM and electronic maps, and then the vector road network within the urban administrative region was figured out by using ArcGIS (ESRI, Redlands, CA, USA). This resulted in the creation of the set of road intersections. Secondly, the free software applications named Morphlim (https://sourcessup.renater.fr/morphlim/, accessed on 1 November 2020) [18,40] and ArcGIS were used to generate the urban expansion curve and to work out the principal curvature point and the key distance threshold. Finally, ArcGIS was used, with the key distance threshold as the buffer radius (to buffer and merge based on the set of road intersections) to obtain urban settlements.



2.2.1. Urban Expansion Curve


Tannier et al. [18] argued that the spatial organization structure within the city is like the fractal structure of Fourier Dusts, in which the actual city and street can be compared to black squares divided by white lines of a certain width. The number of white lines increases with the decrease in their respective widths. There is a strict hierarchical rule between the size and the number of white lines, and such a fractal feature can be measured by the Minkowski expansion method [56,57]. In other words, with the increase in the expansion buffer distance, the originally separated road intersections merge, and the urban settlements are gradually formed (see Figure 4). With further expansion, the number of urban settlements declines. Ultimately, all map spots merge, and the expansion terminates. The urban expansion curve is shown in Figure 5a, in which the horizontal axis indicates the expansion buffer distance, and the vertical axis indicates the number of urban settlements. According to fractal theory, the expansion buffer distance and the number of urban settlements conform to the power function law:


  N = a    . r   D   



(1)




where N refers to the number of urban settlements, a is a constant, r refers to the expansion buffer distance, and D is the fractal dimension. If the logarithms of both sides of Equation (1) are taken simultaneously, the linear relation with D as the slope will be obtained (see Figure 5b)


  log  ( N )   = D   . l o g ( r ) + l o g ( a )   



(2)








2.2.2. Principal Curvature Point of the Urban Expansion Curve


The density of urban entities is higher than that of rural entities, and the change rule of the number of settlements is very different between the two under the same distance threshold [26]. In this paper, the morphology of urban agglomerations was identified using expansion buffer distance. This approach is very adequate and robust because the need to introduce a predefined distance threshold is not required. In the urban expansion curve, the point deviating from the linear form farthest is the point of maximum curvature. This point can be used as the scaling range to classify the urban fractal features. Urban fractal features are represented by the curve before the point of maximum curvature. The self-similarity of the city may be strict fractal [18,40], but the fractal dimension is not constant [58,59], so the fractal is likely to be multiple, but the fractal dimension is not constant [18,59,60]. Besides, the curve after the point of maximum curvature represents the rural fractal features, and there is no longer self-similarity or its self-similarity changes largely.



Finding the principal curvature point is the key to identifying the urban territorial scope. The distance threshold artificially set is always a discrete data point. It is impossible to find the point deviating from the straight line most significantly in the expansion curve, which means that the key distance threshold cannot be determined. In this paper, the idea is to fit the urban expansion curve through a polynomial, calculate its curvature, and find the point with the largest absolute value among the extreme points of curvature. These extreme points of curvature are the principal curvature point, and the corresponding expansion buffer distance is the key distance threshold [18,61]. To determine the extreme points of curvature in the urban expansion curve, the discrete X-Y point pairs (expansion buffer distance, number of urban settlements) need to be fitted to a continuous function curve first. During the fitting process, it is necessary to not only ensure that the function can fully represent the original curve, but the problem of overfitting must be taken into cognizance. Estimating polynomial fitting based on the Bayesian information criterion (BIC) can effectively avoid the problem of overfitting to find the function of the optimal fitting curve. With the increase in the order of polynomial, the BIC value declines. The order corresponding to the first point where the BIC value tends to be gentle after a sharp decline is selected as the optimal polynomial function. The adjusted correlation coefficient (R2) between the true curve and the estimated curve must be >0.9 [18,62]. On this basis, the curvature of the expansion curve can be calculated using the following equation:


   K =      y ″       ( 1 +    y ′   2  )   3 / 2      



(3)




where K refers to the curvature of the urban expansion curve, y′ is the first derivative of the polynomial of the fitting curve, which measures the decrease rate of the number of road intersections with the increase in the expansion buffer distance, and y″ is the second derivative of the polynomial of the fitting curve, which measures the decrease in acceleration. The changes in the curvature of a curve can be expressed as the ratio of velocity to acceleration. For a straight line, y′ is a constant, and y″ is 0.






3. Results


3.1. Urban Expansion Curve


If a city is fractal, the number of its urban settlements is related to the distance threshold, which conforms to a strictly linear relation [63,64]. The true morphology of the city is not a fractal structure strictly following the rules, rather it has random pre-fractal and self-similarity on a limited level [59,65]. The fractal dimension is constant over a limited range, but it changes over a continuous range [66,67]. The power-law relationship between the measurement scale and the corresponding measure is valid only within a certain scale range, thus forming the so-called scaling range [59]. It is assumed that the point deviating from the straight line farthest in the expansion curve is a key distance threshold and corresponds to an urban agglomeration [18] that can separate two spatial forms, namely urban and rural areas. The corresponding principal curvature point can serve as a key point to divide the two spatial form subsets: the urban and rural areas.



The urban expansion curve was constructed under different expansion buffer distances (30 m as the initial expansion buffer distance, and a continuous increase at an equal ratio of 1.1) using the road intersection data set of Guangzhou, Chengdu, Nanjing, and Shijiazhuang, until the map spots merged into a whole. The relationship (based on partial data) between the number of urban settlements and different expansion buffer distances in Guangzhou is shown in Table 1. It is obvious that with the increase in the distance threshold, the number of urban settlements generally showed a decreasing trend. With the increase in the distance from 30 to 325.2 m, the number of urban settlements declined from 9269 to 2193, and the urban settlement scale constantly expanded. The selection of an appropriate expansion buffer distance directly affects the identification result of urban settlements. To visually display the change characteristics and differences in the number of urban settlements under different expansion buffer distances in Guangzhou, Chengdu, Nanjing and Shijiazhuang, the expansion buffer distance, and the number of urban settlements in each region were plotted using logarithmic scale mapping as shown in Figure 6. From Figure 6, the changes in the number of urban settlements in the four cities all conformed to the power-law rule, and the shapes of their expansion curves had similarities and differences. The number of initial settlements was the largest in Guangzhou, followed by Chengdu, Nanjing and Shijiazhuang. With the increase in the expansion buffer distance, the number of settlements showed a constantly decreasing trend.



There were three stages in the settlement expansion in the four cities, and the extreme point of curvature could be found in each stage. The expansion buffer distance threshold corresponding to this point could be used to divide the two spatial form subsets: the urban and rural areas. In the first stage, the expansion curve was relatively mild, the number of urban settlements was more than 1000, and the expansion velocity was comparatively slow when the threshold was below 100 m. The expansion buffer distance threshold in Chengdu was the smallest, followed by Shijiazhuang, Guangzhou and Nanjing. In the second stage, the expansion curve was relatively steep, the number of urban settlements was more than 100, and the expansion velocity significantly increased when the threshold was between 100 and 1000 m. The expansion buffer distance threshold from small to large ranked inconsistently compared to the first stage. In the third stage, the expansion curve was steep, and urban settlements gradually merged into a whole when the threshold was above 1000 m. The polynomial fitting times of the four urban expansion curves are shown in Table 2, and the goodness of fit R2 was above 0.998 for all cases.




3.2. Identification Results of Urban Settlements


Finding the principal curvature point of the curve is the premise for the urban settlement identification when the urban expansion curve is being considered. Tannier et al. [18,40] opined that for urban boundary identification based on the regional building vector data, the extreme point of curvature with the largest absolute value is the principal curvature point, and the corresponding expansion buffer distance is the key distance threshold [18,61]. As a result, the final identification results can be obtained. Compared with previous studies, there are two distinctions in this paper: (1) This study was based on road intersection data. (2) To reflect on the entire expansion process of urban settlements, no distance interval was defined, and all the data were retained objectively and comprehensively.



The changes in the curvature of the urban expansion curves of Guangzhou, Chengdu, Nanjing and Shijiazhuang are shown in Figure 7. From Figure 7, the curvature changes of the four cities had different shapes and they all had multiple extreme points. If the point with the largest absolute value of curvature was directly selected as the principal curvature point (Table 3), the distance threshold corresponding to the principal curvature point was 132 m, 53 m, 157 m and 8307 m, respectively, and the urban settlement area was 1099.36 km2, 190.94 km2, 803.07 km2 and 5013.36 km2, respectively, in Guangzhou, Chengdu, Nanjing, and Shijiazhuang. Compared with the statistical data of the urban built-up area in China Urban Construction Statistical Yearbook 2018, the estimation error rate of the urban area was −15.44%, −79.50%, −1.75% and 1521.82%, respectively, for the four cities. According to Table 4, the estimated areas of Chengdu and Shijiazhuang were seriously abnormal. In the same vein, the distance thresholds of road intersection were 53 m and 8307 m, respectively, in Chengdu and Shijiazhuang. Note that these results are not consistent with the reality of urban road planning in China. The actual urban size cannot be effectively and accurately reflected simply using the point with the largest absolute value of curvature as the principal curvature point. According to Figure 7, Table 3 and Table 4, when the curvature K value was −0.99, −0.85, −0.89, and −1.01, and the corresponding distance threshold was 132 m, 204 m, 157 m and 124 m, respectively, in Guangzhou, Chengdu, Nanjing and Shijiazhuang, the estimation error rate of urban settlement area was the lowest in Guangzhou and Nanjing. Specifically, the area error rate was −1.75% in Nanjing and −15.44% in Guangzhou, and their estimated areas are slightly smaller than the built-up areas. The area error rate was 14.40% and 15.59% in Shijiazhuang and Chengdu, respectively, and their estimated areas are larger than the built-up areas. Compared with the statistical data of built-up areas, the absolute value of the error rate of the estimated area was within 20% in the four cities. Further analysis also revealed that the distance thresholds corresponding to the above-mentioned curvature points were about 120 m to 200 m. These were all at the curvature extremum with the largest absolute value in the urban expansion curve in the second stage, rather than that in all stages. In this paper, the distance thresholds corresponding to the principal curvature points selected were not found at a few meters or more than 1000 m. This can be attributed to the distance between road intersections. In major cities in China, there are almost no road intersections a few meters apart, or very few ones more than 1000 m apart.



The distribution range of urban settlements in the four cities can be obtained using the key distance threshold (see Figure 8). Guangzhou, located in southern China, is the key city in the Pearl River Delta. The overall urban morphology is mass-shaped, and it shows a fan-shaped expansion pattern. The urban settlements radiate outward from the center of the Pearl River Delta (i.e., the center of Guangzhou) (see Figure 8a). The urbanization rate of surrounding cities is relatively high [68,69]. Due to the centralization and topography of the Pearl River Delta, the urban development leans toward the southwest, and the road intersections in the urban area are dispersed unevenly. There are many large parks and green spaces in the urban area, but the density of road intersections is low. As result, the estimated area error rate is negative. Chengdu, located in southwestern China, is the key city in the Sichuan-Chongqing region. The overall urban morphology is mass-shaped, and the urban settlements display a concentric-circular outward-expansion pattern with old urban districts as the center (see Figure 8b). The urbanization rate of surrounding cities is lower [68,69]. Due to its western development strategy, the urban development leans to the northwest, south, east, and northeast, and the road intersections in the urban area are dispersed unevenly. There are many arable lands interspersed between road intersections in the urban area, so the estimated area error rate is positive. Located in eastern China, Nanjing is the key city in the Yangtze River Delta. The overall urban morphology is band-shaped, and the city develops along both banks of the Yangtze River. The urban settlements on the north bank are loosely distributed in strips and groups, while those on the south bank are densely distributed in strips and clumps (see Figure 8c). The urbanization rate of surrounding cities is higher [68,69]. The road intersections in the urban area are evenly dispersed, and the estimated area error rate is the lowest. Located in northern China, Shijiazhuang is the key city in the Beijing-Tianjin-Hebei region. The overall urban morphology is mass-shaped, and it shows a fan-shaped expansion pattern. A few urban settlements are distributed in the west of Shijiazhuang, while many urban settlements are distributed evenly in the north, east and south (see Figure 8d). The urbanization rate of surrounding cities is lower [68,69]. Due to the Beijing-Tianjin-Hebei integration strategy, the urban development leans to the east, northeast and southeast, and the road intersections in the urban area are dispersed unevenly. There are many arable lands interspersed between road intersections in the urban area, so the estimated area error rate is positive.



In recent years, Chengdu (i.e., the key city of the western development strategy) and Shijiazhuang (i.e., the key city of the Beijing-Tianjin-Hebei integration strategy) have had significant urban development and enhanced urban expansion [70,71]. Under the guidance of government planning (based on the unchanged old urban districts) new urban districts are vigorously developed as functional zones within the administrative boundary of the entire city, but across the district administrative boundary. The distance between the new and old urban districts is relatively large, forming an axis. With advances in the planning and design ideas of the new urban districts, the density of road intersections will be far lower than that in old urban districts, and the corresponding key distance threshold will rise under the impact of new urban districts. This is one of the reasons for having a larger estimated area of urban settlements in comparison to the actual built-up area (i.e., the error rate is positive) in Chengdu and Shijiazhuang.





4. Discussion


Investigating the urban territorial scope is a challenge for both urban geographers and planners [37]. So, if no discussion is made on effective urban territorial scope, the research result will not truly reflect the laws of the development and evolution of the city. At present, nighttime light data and medium- and low-resolution images are used in most cases to identify urban boundaries and the urban territorial scope. However, they rely on spectral features (subject to resolution) and lack spatial details [27,28,72,73]. To a certain extent, using high-resolution images can aid in overcoming these problems by providing more vivid and accurate shape and structural characteristics, to facilitate the extraction of urban boundaries [27].



Zhang et al. used high-resolution images to extract the boundaries of provincial capitals in China in 2000, 2005, 2010, and 2015. However, in terms of practical operation, the identification result cannot be proved repeatedly. This is because it was obtained through automatic identification by computers and manual interpretation and correction [27,28]. In 2010, the administrative region of Beijing only comprised 12 districts such as the Dongcheng District, Xicheng District, and Haidian District (excluding the Pinggu District, Miyun District, Huairou County, and Yanqing County) [27,28]. By magnifying the results of the identification of Beijing’s urban territorial scope in 2010, it can be inferred that a lot of residential areas, streets, and built-up areas were excluded from the urban boundary and the urban territorial scope [27]. The area of the urban territorial scope of Beijing in 2010 was identified as 950–1000 km2 [28], which was far smaller than that of its built-up area—1231.30 km2, as recorded in China Urban Construction Statistical Yearbook 2011 (note that no data of Beijing can be found in China Urban Construction Statistical Yearbook 2010).



In the urban boundary of Beijing in 2006 (obtained by Tan and Chen by using Landsat remote-sensing images based on the neighborhood dilation quantization method), when the search radius was 45 m, the area of the largest urban settlement cluster was 811.07 km2 [26]. The identification results of the area of urban territorial scopes of Guangzhou, Chengdu, Nanjing, and Shijiazhuang in 2015 were 700–720 km2, 600–650 km2, 450–500 km2, and 200–220 km2, respectively [28]. In China Urban Construction Statistical Yearbook 2015, the areas of the built-up areas in the four cities were 1237.25 km2, 615.71 km2, 755.27 km2, and 278.05 km2, respectively. The areas of the urban territorial scopes of the four cities except Chengdu are all far smaller than the statistics. Chengdu’s area is relatively close to the reported statistics. For the two spatial patterns, cities and rural areas were staggered and discretely distributed at urban boundaries [10,26]. Hence, the identification result of the urban territorial scope was presented as several continuous and closed curves (including enclaves). As a result, the probability of excluding areas from the city area was inevitably increased, leading to smaller areas of identification. Since the definition of an urban boundary is more like the largest urban settlement cluster in the space, it cannot fully and clearly, display the distribution of the whole urban territorial scope in the space [26].



Therefore, it is more scientific to describe urban boundaries based on urban land use classification or fractal thoughts, that is, the urban territorial scope is viewed as discretely distributed urban land or urban settlements [18,29,40]. Data of EULUC-China-2018 (from http://data.ess.tsinghua.edu.cn/, accessed on 1 November 2020) was downloaded, and then ArcGIS was used to work out the data of Guangzhou, Chengdu, Nanjing, and Shijiazhuang, for comparisons with the results of this paper. It can be found that the discrete distribution patterns of the two results in the administrative space of the four cities are almost the same and that their areas of urban territorial scope in the results of EULUC-China are larger (see Figure 9a, Figure 10a–c). The areas of the urban territorial scopes of Guangzhou, Chengdu, Nanjing, and Shijiazhuang in the EULUC-China results are 1985.67 km2, 1200.51 km2, 1554.74 km2, and 776.25 km2, respectively. Compared with the data in China Urban Construction Statistical Yearbook 2018 (1300.01 km2, 931.58 km2, 817.39 km2, and 309.12 km2, respectively), the error rates of area estimation are 52.74%, 28.87%, 90.21%, and 151.12%, respectively. The areas of the four cities except Chengdu show anomalies.



The b, c, d, e, and f areas of Chengdu in Figure 9a were magnified, and the largest block in the EULUC-Chengdu result of each area was selected. The types of the land for the selected blocks were residential area (5.25 km2), airport facility area (20.97 km2), residential area (5.23 km2), residential area (9.15 km2), and airport facility area (7.20 km2). It can be found that there were several types of land for the selected blocks and that the identification of block boundaries was inaccurate, leading to severely enlarged areas of these blocks. The classification of blocks in the EULUC-China result was also based on the road network of OSM [29]. In an area far away from the city center, the distribution of road intersections became sparse, and, because of the timeliness of OSM data, the distance between road intersections became longer. Therefore, the closer the block is to the urban fringe, the larger its area will be. Moreover, some blocks belonging to other types of land were included, leading to inaccurate identification of block boundaries. Consequently, the identification result of the area of urban territorial scope became enlarged severely.



Urban settlement identification is realized usually through satellite and GIS. Moreover, predefined morphological thresholds are adopted most of the time [14,26,74]. After categorizing basic spatial units, the criterion of contiguity, which usually involves the distance threshold, is applied to group similar units. However, since the two forms of spatial organization, namely the urban area and the rural area, coexist and mix at the boundaries of the cities, showing an irregular pattern, it is difficult to select a single distance threshold [39]. Besides, while analyzing the urban fringe, the selection of the distance threshold becomes a key issue. Therefore, no consensus has been reached currently on the selection of the criterion of contiguity that involves the distance threshold [75]. Urban geographic phenomena have a scale-free property, and the urban morphology and the urban system are fractal. In this paper, with the aid of fractal geometry, predefined distance thresholds were avoided in detecting and measuring cross-scale spatial discontinuity. Instead, multi-scale changes in the established urban morphology were detected and measured to identify urban settlement distribution. Hence, the problem of identifying urban territorial scopes and morphology is adequately addressed. In this paper, based on the fractal urban expansion curve method, the distribution of urban settlements within the administrative regions of Guangzhou, Chengdu, Nanjing, and Shijiazhuang could be quickly identified in an efficient way by using urban road intersection data.



The distance thresholds corresponding to the principal curvature points of Guangzhou, Chengdu, Nanjing, and Shijiazhuang were all below 210 m, and were in the second stage of the urban expansion curve (from 100 to 1000 m). This means that the four cities have fractal features when the distance threshold is comparatively low, indicating comparatively low distance thresholds for the two spatial patterns (i.e., the urban area, and the rural area) within the identification areas. This shares many similarities with the Sierpinski Carpet fractal structure. It is also different from the fractal structure of the spatial organizations in European cities, which is like the Fourier Dusts fractal structure (i.e., the principal curvature point appears at the maximum absolute value of the global curvature extremum) [18,40]. The density of road nodes in the administrative region is generally lower than that of buildings. Therefore, the road intersections of each city will merge in the first stage of the urban expansion curve when the expansion buffer distance is comparatively small. An extremum will appear when the number of nodes sharply goes down and the number of urban settlements increases accordingly. Sometimes, the curvature value in this stage will reach the climax, but it can only reflect the area densely covered by roads in the city. In other words, it cannot truly display urban settlement distribution within the region. In the third stage of the urban expansion curve (above 1000 m), since the number of urban settlements is already very small, an extremum is easy to arise as the expansion buffer distance increases and the urban settlements gradually merge. However, the distance threshold corresponding to the extremum for the time being greatly exceeds the real value as expected. As a result, it cannot be used as a key distance threshold to distinguish between the two spatial forms (i.e., the urban area and the rural area). It also cannot be used to effectively identify the distribution range of urban settlements within the region.



Although the four typical cities are large, the central and core areas are their major development regions, and the fringe areas often receive less attention. This leads to dramatic urban-rural gap in general [76] and a relatively high principal curvature value (between 0.99 and 1.01). Though cities in southern and eastern China are highly urbanized [68,77], it is difficult for them to expand because of huge gaps between urban and rural areas [76], and comparatively low population density. On the contrary, despite a low level of urbanization of the cities in western and northern China, they are prone to expansion because of the relatively small urban-rural gap and high population density. This is different from the research results of Tannier et al. [18,40] in their studies on European cities. For example, in addition to comparatively huge distance thresholds, the three representative cities of Belgium (Namur, Liège, and Charleroi) are highly urbanized, small in the urban-rural gap and high in population density, and they are prone to expansion. As for the three representative cities of France (Besancon, Belfor, and Montbe’liard), they are small in distance threshold and low in urbanization, and have comparatively large urban-rural gaps and low population density, so urban expansion becomes difficult.



Discrepancies to some degree occurred during the estimation of the accurate areas of the four typical cities in China mentioned above. As the central city in eastern China, Nanjing is free of topographical influence due its location on a plain. With the Yangtze River going through the urban area, the urbanization rate of its surrounding cities is higher. Within Nanjing, each district is relatively balanced in development, and the distribution of road intersections along the Yangtze River, is comparatively even. This makes its estimated area to be the most accurate, with an error rate of only −1.75%. Guangzhou is a traditional first-tier city. Due to the influence of urban planning strategies and topography, Guangzhou has shifted its development focus to the center of the Pearl River Delta, resulting in less impact on the key distance threshold. There are many reticular water systems and water areas within the urban area, which reduce the density of road intersections, as well as some large parks and green spaces near those water areas or mountains, so the road intersection density is further reduced accordingly. Though the areas with large parks and green spaces have no urban settlement of certain scale, they have been the urban built-up area. With respect to the fringes of cities, because of the influence of data timeliness and the lack of road intersections, large suburban villages within the city scope were not accurately identified [78]. As a result, the estimated area was smaller than the built-up area in Guangzhou, and the error rate of the estimated area was as high as −15.44%. Besides, Chengdu, an emerging quasi-first-tier city, and Shijiazhuang, a second-tier city, are fast in both economic development and urban expansion. They are also prone to road construction problems. Moreover, during the rapid expansion of the city, a certain number of arable lands have been merged into the city, resulting in the formation of urban settlements in such areas that are not urban built-up areas. Be that as it may, new urban areas rapidly emerge because of the influence of urban planning strategies. Due to the long distance between the new and old urban areas, the key distance threshold is affected to a large extent, ultimately leading to a larger estimated area than the built-up area of the city. Hence, the error rate of the estimated area for the two cities was relatively high, with Chengdu having a rate of 15.29% and Shijiazhuang having a rate of 14.40%.



Conventional methods for urban settlement identification are mostly based on census data [79,80]. Due to the arbitrary designation of the domain of a city in law and administrative measures, not all the people living in the cities are captured by the conventional methods. Holmes and Lee defined a city as a single unit bounded by a 6×6-mile grid and the urban size is measured by the population of settlement within the boundaries of the grid [81]. By clustering the population settlement locations with a predefined distance threshold (for instance 3000 m), Rozenfeld et al. [38] adopted CCA to spot the boundaries of the city. Although these studies seem to have abandoned subjective census data, they relied on population settlement locations. Hence, they designated or defined as urban settlements by census data. In recent years, there has been increasing research on urban boundary identification based on urban building vector data and remote sensing image data, obtaining certain achievements [27,28,29,38,82,83]. For first-tier large cities like Guangzhou, Chengdu, and Nanjing, it is extremely time-consuming to obtain such data. Even if such data was available and successfully interpreted, it is also difficult to ensure the accuracy of attributes and locations. It is well known that human activities are restricted by streets. Without street nodes, there would be no settlement and the resultant formation of a city. Therefore, with improved coverage, the timeliness and accuracy of OSM data and electronic map data, as well as data that can be updated and shared at any time, identification of the urban territorial scope based on road intersections to extract urban settlements may be an effective method. It will not only avoid the subjectivity in basic data, but it will also facilitate the acquisition of the data and improve the quality of the data.



Even though this study can offer a new perspective for the designation of urban territorial scope and the planning of urban system in a region (to further explore the fractal features of cities, use the geographical space and environment more effectively, and to tackle relative urban problems), it is insufficient in some areas. Unlike remote sensing images, the road vector data adopted in this paper fails to reflect the process of urban settlement expansion in the time-domain. The quality of data was affected by the timeliness of road networks in OSM and electronic maps. In other words, the closer the proximity was to city fringes, the worse the identification and updating of road networks became, and some road intersections were missed. Besides, this study only focused on the single urban administrative areas. However, the development of cities has long gone beyond administrative boundaries, to study the sensitivity issue with respect to the cutoff distance thresholds. In the future, it is envisaged that studies will be carried out to explore the urban settlement distribution at a larger spatial scale beyond the administrative areas, such as the Yangtze River Delta, the Pearl River Delta, and even the whole nation. The integration of road networks of OSM and electronic maps with the automatic recognition of high-definition road networks may also become obtainable, to make up the road networks in urban fringes. Moreover, whether the value of the distance threshold has dependence on factors related to topographical water system factors or the spatial form of the city proper requires further investigations.




5. Conclusions


From the perspective of self-organization and based on fractal theory, the following major contributions have been made in this paper (using the adjacency urban expansion curve of road intersections to identify the urban settlement distribution in urban administrative areas):




	
The research method in this paper is based on road intersection vector data. That is, as the expansion buffer distance increases, the number of urban settlement decreases. Therefore, with the help of fractal geometry, discretely distributed urban settlements and the urban territorial scope of the cities can be obtained through detecting and measuring the multi-scale changes of urban road intersections. This is to find the key distance threshold corresponding to the principal curvature point in the urban expansion curve.



	
Among the four representative cities selected for the research, the optimal distance thresholds for the urban settlement distribution in Guangzhou, Chengdu, Nanjing and Shijiazhuang were 132 m, 204 m, 157 m, and 124 m, respectively. This shows that the four cities have fractal features when there is a comparatively low distance threshold (in similarity with the Sierpinski Carpet fractal structure). The areas of urban settlement of the cities corresponding to their optimal distance thresholds were 1099.36 km2, 1076.78 km2, 803.07 km2 and 353.62 km2, respectively. These areas are consistent with actual urban built-up areas. This indicates that the method of using road intersections as the data source and using the fractal features of the urban expansion curve to identify urban territorial scope is reasonable and effective.



	
In this paper, road intersections have been used to extract discretely distributed urban settlements and to identify the urban territorial scope. Because of the influence of large parks, green spaces, or arable land on the fringes of the cities, as well as suburban villages, there is a gap between the obtained area of urban settlement and the actual urban built-up area. Nonetheless, the method in this paper is simple and feasible, and the data adopted are easy to acquire. The results of identification are discrete urban settlements, which are closer, providing free data sources for this study.
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Figure 1. The study area of Shijiazhuang (a), Nanjing (b), Guangzhou (c), and Chengdu (d). 
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Figure 2. Urban road networks of Guangzhou (a), Chengdu (b), Nanjing (c), and Shijiazhuang (d). 
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Figure 3. Process of the extraction of urban settlements. 
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Figure 4. Schematic diagram of changes in the number of urban settlements. 
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Figure 5. Urban expansion curve (a) and double logarithmic curve (b). 
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Figure 6. Urban expansion curves. 
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Figure 7. Changes in curvature of urban expansion curves of Guangzhou (a), Chengdu (b), Nanjing (c) and Shijiazhuang (d). 
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Figure 8. Urban settlements of Guangzhou (a), Chengdu (b), Nanjing (c), and Shijiazhuang (d). 
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Figure 9. Comparison example for urban territorial scope of Chengdu (a). (b–f) are part of the Chengdu. 
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Figure 10. Comparison examples for urban territorial scope of Guangzhou (a), Nanjing (b) and Shijiazhuang (c). 
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Table 1. Urban expansion of Guangzhou.
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	Expansion Buffer Distance r/m
	Number of Urban Settlements/n
	Lg(r)
	Lg(N)





	30.00
	9269
	1.48
	3.90



	33.00
	9075
	1.52
	3.89



	36.30
	8848
	1.56
	3.88



	39.92
	8629
	1.60
	3.87



	43.92
	8399
	1.64
	3.86



	48.32
	8148
	1.68
	3.85



	53.16
	7918
	1.73
	3.84



	58.48
	7633
	1.77
	3.82



	64.32
	7358
	1.81
	3.80



	70.76
	7067
	1.85
	3.79



	77.84
	6801
	1.89
	3.77



	85.62
	6463
	1.93
	3.75



	94.18
	6190
	1.97
	3.73



	103.60
	5887
	2.02
	3.71



	113.96
	5551
	2.06
	3.69



	125.36
	5210
	2.10
	3.66



	137.90
	4904
	2.14
	3.64



	151.70
	4574
	2.18
	3.61



	166.88
	4242
	2.22
	3.58



	183.56
	3952
	2.26
	3.55



	202.00
	3643
	2.31
	3.51



	222.20
	3337
	2.35
	3.46



	244.40
	3027
	2.39
	3.42



	268.80
	2737
	2.43
	3.37



	295.60
	2457
	2.47
	3.32



	325.20
	2193
	2.51
	3.26
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Table 2. Polynomial fitting times and goodness of fit.
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	City
	Polynomial Fitting Times
	R2





	Guangzhou
	8
	0.99933



	Chengdu
	8
	0.99904



	Nanjing
	8
	0.99844



	Shijiazhuang
	8
	0.99843
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Table 3. Curvature extremum of expansion curve.
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Guangzhou

	
Chengdu

	
Nanjing

	
Shijiazhuang




	
Curvature K

	
Distance Threshold r/m

	
Curvature K

	
Distance Threshold r/m

	
Curvature K

	
Distance Threshold r/m

	
Curvature K

	
Distance Threshold r/m






	
0.29

	
60

	
−1.51

	
53

	
0.24

	
64

	
0.07

	
57




	
−0.99

	
132

	
−0.31

	
104

	
−0.89

	
157

	
−1.01

	
124




	

	

	
−0.85

	
204

	

	

	

	




	
−0.12

	
563

	
−0.02

	
821

	
−0.19

	
633

	
−0.37

	
399




	

	

	

	

	

	

	
0.73

	
5232




	

	

	

	

	

	

	
−1.39

	
8307
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Table 4. Urban settlement area.






Table 4. Urban settlement area.





	
City

	
Distance Threshold r/m

	
Urban Settlement Area/km2

	
Built-Up Area/km2

	
Area Error Rate/%






	
Guangzhou

	
60

	
387.17

	
1300.01

	
−70.22




	
132

	
1099.36

	
−15.44




	
563

	
3776.28

	
190.48




	
Chengdu

	
53

	
190.94

	
931.58

	
−79.50




	
104

	
514.23

	
−44.80




	
204

	
1076.78

	
15.59




	
821

	
2738.46

	
193.96




	
Nanjing

	
64

	
228.19

	
817.39

	
−72.08




	
157

	
803.07

	
−1.75




	
633

	
2880.69

	
252.43




	
Shijiazhuang

	
57

	
116.56

	
309.12

	
−62.29




	
124

	
353.62

	
14.40




	
399

	
1181.42

	
282.19




	
5232

	
3917.91

	
1167.44




	
8307

	
5013.36

	
1521.82
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