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Abstract

:

Urban sprawl concerns the high-quality and sustainable development of large cities. Due to the ambiguous definition, diversity of measurement indices and complexity of the driving mechanism of urban sprawl, the research results are rich but controversial. How does one carry out multidimensional measurement of urban sprawl? How does one reveal the spatio-temporal evolution characteristics of urban sprawl dynamically? First, according to the three common characteristics of urban sprawl (discontinuity of land use, low population density and inefficiency of land use), we, respectively, measure the urban sprawl of Shanghai metropolitan area by single index and comprehensive indices based on multi-source geospatial data. Next, using geographic information system (GIS) method, the temporal and spatial characteristics of urban sprawl in Shanghai are quantitatively and dynamically analyzed. The results show that (1) land use continuity reveals that fringe expansion is the main mode of urban sprawl, population density exhibits an upwards trend, and land use benefit shows that the sprawl increased first, then decreased and increased again, i.e., “N” type trend. The results of the above three comprehensive superpositions indicate that the urban sprawl in Shanghai changed from severe in 1995 to mild in 2010 and in 2020. (2) From 1990 to 2020, urban sprawl in Shanghai showed a trend of decreasing first, then increasing and decreasing again, which is consistent with an evolutionary trend of newly increased construction land. The larger the sprawl area was, the lower the land use efficiency of the sprawl area was. (3) The main directions of urban sprawl were southeast and southwest, and Songjiang District and Pudong New Area were the main sprawl areas. The peak value of urban sprawl mainly occurred at 20–30 km and was located in the area between the outer ring and the suburban ring. (4) Through time series analysis, we found that the effective supply of housing significantly affected the intensity and scale of urban sprawl but not the speed of urban sprawl in Shanghai metropolitan area. These findings are helpful to reasonably evaluate the real picture of urban sprawl in Shanghai metropolitan areas and provide reference for the formulation of urban sprawl governance policies.
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1. Introduction


Urban sprawl is a common phenomenon in the growth process of large cities and has attracted extensive attention from scholars in the fields of geography, economics, urban planning, ecology, and sociology. Research has focused on the definition and consequences of urban sprawl, measurement methods, driving mechanisms and control policies, and significant progress has been made.



	(1)

	
Research on the definition and effects of urban sprawl. Early urban sprawl mainly emphasized the spatial expansion of urban land, especially the discontinuous (leapfrogging) development and single-use development of suburban land [1,2]. Subsequently, the low density of urban sprawl and the incongruity of population and land expansion were gradually emphasized [3,4]. Some scholars believe that urban sprawl would lead to a continuous reduction in arable land, green space, and forest area in urban fringe areas and an increase in urban landscape fragmentation [5,6,7,8], an increase in environmental pollutants and a significant increase in carbon emissions, or a reduction in production efficiency [9,10,11]. Additionally, the impacts of urban sprawl on public health and transportation outcomes have received a lot of attention [2,12,13,14]. Several researchers combine space and connotation to define urban sprawl, believing that urban sprawl refers to low-density land use patterns in urban fringe areas that rely on car travel [15]. However, it also refers to the continuous spread of urban construction land to the outer undeveloped land in a low-density and leapfrogging manner [16]. Alternatively, it can refer to a low-density, inefficient and disorderly outward expansion form in urban development [17,18,19,20,21]. Accordingly, the common characteristics of urban sprawl are low-density and inefficient spatial expansion to urban fringe areas in a discontinuous way. In addition, urban sprawl and urban spatial expansion should be distinguished. Not all urban spatial expansions result from urban sprawl. We should neither exaggerate the extent of urban sprawl nor see only the negative effects of urban sprawl [20].




	(2)

	
Research on the measurement and identification methods of urban sprawl. Quantitative measures of urban sprawl include the single index measure method and the multi-index comprehensive measure method [21]. Remote sensing image data, nighttime light data, and GIS applications also provide new data sources and measurement methods for urban sprawl.







Single indicator measurement method. This method mainly examines the dynamic change relationship between population, land or both. The most commonly used indicators are: density (population density, residential density and employment density); growth rate (urban land growth rate, urban population growth rate) [22,23,24,25]; spatial form (traffic accessibility, aggregation, connectivity, fragmentation); landscape pattern (fractal dimension, aesthetic degree) [26,27,28,29]; growth elasticity (elasticity of land-population growth, elasticity of land-GDP growth) [30,31,32,33].



Multi-index measurement method. Due to the one-sidedness of the single index measure, more scholars use the multi-index method to measure urban sprawl. For example, regional sprawl was measured in six dimensions: density, continuity, concentration, aggregation, nucleation, and proximity [34]; the new four-factor index (development density, land use mix, activity centering, and street accessibility) method [12,13]. Alternatively, urban sprawl can be measured by population density, building density, basic farmland loss, natural wetland loss, urban dispersion, urban landscape penetration, per capita construction land occupancy rate, and other indicators [35,36,37,38,39]. Chinese scholars have measured urban sprawl based mainly on external influences such as land population growth elasticity, urban spatial form, land expansion intensity, changes in the environment and urban life [17,21,40,41]. Although the multidimensional measurement index system takes into account many factors, the multi-source data will increase the difficulty of data integration and make it difficult to unify the measurement standards. Moreover, the selection of indicators is easily affected by researchers’ subjective consciousness and preferences, and the measurement results are difficult to be compared horizontally.



Measurement method combining remote sensing (RS) and GIS. Based on remote sensing image data, nighttime light data, and POI data, a spatial analysis method was used to construct a multi-index measurement system from the dimensions of spatial compactness, population aggregation, construction land efficiency, land growth elasticity, and landscape index to identify and analyze the characteristics of urban sprawl [42,43,44,45,46,47,48], specific methods include fractal geometry [49], sprawl indexes [50,51,52], spatial metrics [53,54], and model method [55,56,57].



Although the image analysis method is intuitive and easy to distinguish, the image quality is easily interfered by a variety of factors, or there may be misjudgment due to the particularity of urban features, which makes the analytical error difficult to be completely eliminated, and also has an obvious adverse impact on the accuracy of longitudinal comparison. In addition, although image analysis can clearly describe the process and patterns of urban expansion and predict the trend of its further expansion, it is difficult to reveal the internal mechanism of urban expansion.



The model method is limited by many technologies such as data acquisition quality, model simplification and index quantification, so it is difficult to effectively improve the authenticity and accuracy of model simulation. Furthermore, the prediction of the future is also easily affected by uncertain factors such as the rapid change of global environment.



In general, the above three measures have advantages and disadvantages (Table 1). The third kind of measurement method has become a major development direction due to abundant data and accessibility.



	(3)

	
Study on the interactive relationship between urban sprawl and housing affordability. Kahn’s case study showed that sprawling metropolitan areas provided greater opportunities for suburban homeownership for black households, i.e., low-income households were likely to own larger homes in sprawling metropolitan areas [58]. Later, he went further and concluded that home ownership rates were 8.5 percentage points higher in the most sprawling cities relative to the most compact cities [59]. However, Kahn’s methodology in measuring a region’s level of sprawl considered only the proportion of jobs located within a ten-mile radius of a city center, or he did not conduct a multi-variate analysis of general housing consumption versus sprawl [2]. Dawkins’s empirical research found that greater sprawl in a metropolitan region was indirectly associated with a shorter time to homeownership among new renters through an improvement in housing affordability, and there was no relationship between sprawl and length to homeownership for low-income renters [60]. Aurand found that the relationship between urban sprawl and the supply of affordable rental units for very low-income households is positive but not statistically significant [61]. Zheng believed that the effective supply of housing determines the speed of urban sprawl [62]. This research indicates that the relationship between urban sprawl and housing affordability is complex and diverse, and needs to be explored further.







In addition, in recent years, several land policy instruments have been used to deal with urban sprawl, for example transferable development right programs. Transfer of development rights (TDR) programs are introduced as an alternative institutional innovation to the traditional regulatory instruments for land development [63]. In terms of collective-owned farmland conservation projects, the core principle of the TDR is the realization of landowners’ development rights. In addition, strong public subsidies, core location of the farmland and strong motivation of the government are three main factors leading to the successful implementation of conservation projects [64]. For conserving privately owned built heritage, the success of TDR programs depends on their transaction costs, efficiency and effectiveness [63]. In order to protect agricultural land and promote sustainable urbanization, the Chinese government has also implemented the ‘Linkage’ Policy (Zengjian Guagou), which requires any increase in new urban land by local governments to be compensated for with an equivalent amount of new arable land [65]. These institutional innovations arising from TDR not only meet the demand for development and conservation but also balance the conflicts between public and private interests.



In conclusion, although the research results on urban sprawl are fruitful, they are also controversial. First, the definition of urban sprawl is ambiguous, which leads to its consequences have been exaggerated or overestimated. Second, due to the various analytical perspectives and measurement indicators of urban sprawl, a relatively unified analysis framework has not been developed, resulting in different evaluation results. Third, some studies select more measurement indicators, and there is a high correlation between multiple indicators. For example, there are high correlations between resident population density and employed population density, and between GDP per unit land area and output value of secondary and tertiary industries per unit land area. Moreover, too many indicators sometimes lead to excessive measurement and misleading measurement. Fourth, landscape metrics are suitable for measuring spatial pattern at micro scale and conducting longitudinal comparative analysis at time scale, but are not suitable for horizontal comparative analysis at spatial scale.



The main purposes of this paper are as follows: (1) on the basis of defining the multiconnotation characteristics of urban sprawl and using RS and GIS methods. First, the urban sprawl of Shanghai is measured by a single index based on the three dimensions of land use continuity, population density and land use benefit. Next, a comprehensive measurement of the three dimensions is carried out. (2) To comprehensively reveal the real picture of urban sprawl in Shanghai from multiple dimensions such as spatial pattern, temporal change, regional heterogeneity, sprawl direction and sprawl distance. (3) The urban sprawl area index, sprawl speed index, and sprawl intensity index are selected to quantitatively measure the temporal change characteristics of urban sprawl, and to clarify the relationship between urban sprawl and effective housing supply in Shanghai metropolitan area.



The knowledge gaps addressed in this study are as follows: (1) Previous studies mainly defined and measured urban sprawl from a single dimension such as discontinuous land use and low population density [22,23], or according to these two core characteristics. In this study, the core feature of land use efficiency was added, and the urban expansion satisfying the three core features of discontinuous land use, low population density and low land use efficiency was defined as urban sprawl. Although there were some previous research results with three dimensions, the third dimension chosen by them is either ecological index [36] or external influence [17]. We believe that ecological indicators or external influences are only external representations of urban sprawl, rather than its intrinsic characteristics. (2) The results of urban sprawl measurement largely depend on the selection of research time scale and spatial scale, and the selection of time scale is particularly important [66]. We shorten the study time interval from the usual 10 years to 5 years, which helps to more accurately identify the discontinuous information of land use patches. Through time series analysis, we found that the effective supply of housing significantly affected the intensity and scale of urban sprawl but not the speed of urban sprawl in Shanghai metropolitan area. (3) Compared with previous studies, we added analytical dimensions such as sprawl direction, sprawl distance and regional heterogeneity, and more finely identified the dynamic evolution characteristics of urban sprawl in Shanghai under different spatio-temporal backgrounds, such as intensity difference, direction difference and circle difference.



The innovations of this paper are as follows: (1) it proposes a multidimensional measurement index system composed of three core characteristics of urban sprawl, which has certain application value. (2) Quantitative identification and presentation of differences in intensity, direction and circle of Shanghai urban sprawl provide data support for understanding the characteristics of Shanghai urban sprawl under different spatio-temporal backgrounds. (3) The long-term relationship between the effective supply of housing and the speed, scale and intensity of urban sprawl in Shanghai is quantitatively revealed, which provides a reference for the formulation of urban sprawl governance strategies.




2. Data and Methods


2.1. Study Area


Shanghai is located in the eastern coastal zone of China, bordered by the East China Sea to the east, Jiangsu Province to the northwest, and Zhejiang Province to the southwest, at 120°51′–122°12′ E longitude and 30°40′–31°51′ N latitude (Figure 1). It is on the alluvial plain of the Yangtze River Delta, with a low average altitude. The city’s climate is subtropical monsoon, with an average temperature of 17.8 °C in 2020, a sunshine duration of 1839.4 h, and annual precipitation of 1660.8 mm. In 2020, Shanghai’s gross domestic product (GDP) reached 3.87 trillion CNY, accounting for 3.84% of China’s GDP. The city has a population of 24,883,600 and a population density of 3925 people per square kilometer.



Since the 1990s, China has witnessed rapid development of industrialization and urbanization with metropolitan areas as the core. As the core city leading the world-class urban agglomeration in the Yangtze River Delta, Shanghai is not only one of the cities with the fastest economic growth in China, but also one of the cities with the largest immigrant population. It is also one of the cities with the most prominent urban spatial expansion in China [21]. Its urban expansion modes are complete and diversified, including internal filling, enclave sprawl and edge sprawl. Over the past 30 years, Shanghai has experienced the evolution from an industrial center to an economic center and then to a rising global city. In the process of transformation and upgrading of industrial structure and urban functions, Shanghai not only did not choose the deindustrialization strategy of metropolitan areas of some developed countries, but also did not appear the large-scale slum phenomenon that exists in the metropolitan areas of Latin America and other developing countries. There is a significant difference between China’s metropolitan sprawl or suburbanization and that of the West in terms of morphology and internal mechanism. China’s urban sprawl is dominated by government-guided suburban development zones, residential suburbanization is later than industrial suburbanization, and the sustained prosperity of urban central areas coexists with low-density expansion of urban periphery areas [66]. Therefore, choosing Shanghai as a case study has strong typicality and representativeness.




2.2. Data Source and Preprocessing


2.2.1. Sources and Interpretation of Remote Sensing Image Data


This article selects the Landsat series produced by NASA’s Landsat images as a data source (http://www.gscloud.cn/, accessed on 1 November 2021) and obtains 14 remote sensing image scenes from seven sessions (1990, 1995, 2000, 2005, 2010, 2015, 2020). Among them, 1990 and 1995 were obtained from Landsat 5; 2000, 2005, and 2010 were from Landsat 7; 2015 and 2020 were from Landsat 8. The corresponding parameters of each satellite are shown in Table 2.



Land use spatial distribution is obtained based on remote sensing image interpretation, which includes the following steps:




	(1)

	
Remote sensing image preprocessing. The preprocessing process includes geometric correction, radiometric calibration, atmospheric correction, image clipping, image mosaicking, image fusion, etc.




	(2)

	
Image classification. When extracting a certain kind of information based on remote sensing image, the corresponding index can be calculated by spectral analysis to achieve the classification effect. According to construction with the characteristics of the corresponding index, using the normalized building index to extract the urban construction land, at the same time, considering the construction land surrounding vegetation affect the classification accuracy of construction land, further using the normalized difference vegetation index of construction land within the scope of the vegetation, to improve the accuracy of classification.









In this paper, urban construction land was extracted by calculating the normalized building index [67], but the extraction accuracy was not high due only to the normalized building index. The vegetation cover area with low density around the urban construction land was also erroneously extracted as construction land [68]. At the same time, vegetation with lower density was eliminated, and the normalized vegetation index was calculated [69,70].



Normalized building index: This index is based on the principle that the DN value of construction land in the mid-infrared band is greater than that in the near-infrared band in remote sensing images. The calculation formula is as follows:


  N D B I =    (  M I R − N I R  )     (  M I R + N I R  )     



(1)




where MIR represents the value of the infrared band of the pixel and NIR represents the value of the near-infrared band of the pixel.



Normalized difference vegetation index: Vegetation has different reflection spectral characteristics in different bands. Vegetation is extracted according to the feature that the DN value of vegetation in the near-infrared band is greater than that in the red band in remote sensing images. The calculation formula is as follows:


  N D V I =    (  N I R − R  )     (  N I R + R  )     



(2)




where NIR represents the value of the near-infrared band of the pixel, and R represents the value of the red band of the pixel.



In the process of remote sensing image operation, the data of the Landsat 5 TM sensor, Landsat 7 ETM+ sensor, and Landsat 8 OLI sensor are used in this paper. The corresponding bands of the same band number of the three sensors are inconsistent, so the calculation formula needs to be adjusted when calculating the NDBI and NDVI index. The specific calculation formula is shown in Table 3.



Based on the calculation results of NDBI and NDVI, the low-density vegetation cover area was eliminated to obtain urban construction land. However, in this method, the extracted results still contain information on urban unused land. Due to the small number of unutilized urban areas in Shanghai, unutilized urban areas in Shanghai are eliminated by visual recognition. Notably, the spatiotemporal consistency of classification results in different research periods is one of the difficulties in developing land use products [71]. It will impact the analysis of temporal changes in land use, so visual identification is used to test the consistency of temporal changes in the classification result map of construction land.



	(3)

	
Accuracy test. Since the study area of this paper is large, it is not possible to test the accuracy of classification results for the whole city’s construction land. Generally, the method is to verify the accuracy of classification results by collecting sample points. There are three common ways to select sample points: one is training samples similar to supervised classification, the other is sampling samples from selected test sites, and the third is random sampling of sample points. Considering the convenience of operation, this paper chooses the first method to select sample points for accuracy verification.







In this paper, the overall accuracy and Kappa coefficient were calculated based on the classification results of the confusion matrix to evaluate the classification accuracy. The overall accuracy and Kappa coefficient (greater than 0.7) of the image interpretation results in each phase met the accuracy requirements (Table 4), and construction land that met the accuracy requirements was finally obtained (Figure 2).




2.2.2. Spatial Population Data


Commonly used population spatial datasets include the WorldPop, LandScan and China km grid population distribution datasets. Combined with the basic information of the three kinds of population spatial data, after checking the actual population distribution in the study area, the WorldPop dataset with a resolution of 100 m × 100 m was selected as the data source, and a total of 5 periods (2000, 2005, 2010, 2015, 2020) of population spatial data were obtained.




2.2.3. Nighttime Light Data


According to existing studies, nighttime light data are strongly correlated with the regional economy and regional population [72]. Due to the existence of spatial grid data in population dataset and the absence of grid data in regional economy, nighttime light data were used to fit the regional economy, so as to obtain the spatial grid data of regional economy. Nighttime light data products were obtained from the National Environmental Information Center (website address: https://ngdc.noaa.gov/. accessed on 6 October 2021). The basic information provided by the data is shown in Table 5.



Due to the supersaturation phenomenon of urban center in DMSP/OLS data in night light data, almost half of the areas in Shanghai in 2010 data were supersaturated, resulting in the lack of difference in DN value of night light data. In order to eliminate the influence of supersaturated areas, corrected data products were selected as data sources, combined with temporal characteristics. We finally selected the published global night lighting product data as the original data for the research of this paper [73]. For 2000, 2005, 2010, 2015, and 2020, 5 nighttime light data sources (https://dataverse.harvard.edu/dataset.xhtml?PersistentId = https://doi.org/10.7910/DVN/YGIVCD, accessed on 6 October 2021) were obtained.




2.2.4. Other Data


Other data are mainly statistical and spatial data. The statistical data include data on the population, economy, education, medical care, etc., captured mainly from the statistical yearbooks and statistical bulletins of Shanghai and its districts. In terms of spatial data, the vector boundary data of Shanghai are based on the boundary data of the 2017 administrative map. The spatial data of the Shanghai ring line division were obtained according to OpenStreetMap vectorization. The spatial data of traffic stations were also obtained from OpenStreetMap. The distribution data of the Shanghai development zones and water system were obtained from the Shanghai Institute of Geological Survey, while the distribution of water area was obtained from the cloud platform of the National Geographic Survey. The spatial distribution of business districts was obtained from the vectorized data of Shanghai Commercial Network Layout Planning (2014–2020). The ground elevation model (DEM) data were obtained from the geospatial data cloud platform.





2.3. Methods


2.3.1. Sprawl Identification Method Based on Patch Continuity of Newly Constructed Land


According to the time intervals of 1990–1995, 1995–2000, 2000–2005, 2005–2010, 2010–2015, and 2015–2020, through the superposition analysis of images at different periods and the grid calculator, the construction land area and newly added construction land area of the study period were obtained (Figure 3). Based on map spot information of the newly added construction land, according to the latter’s position relationship with the existing construction land, it can be approximately divided into the following four cases (Figure 4): (1) The new map spot is located in the existing built-up area of the city, which is the utilization of the blank land inside the urban built-up area (a red patch in Figure 4). (2) The newly added map spots are located at the edge of the existing construction land in the city but are more connected with the existing construction land, and the public contact surface is large (orange patch in Figure 4). (3) The new map spots are located at the edge of the existing construction land in the city, and they interface with the existing construction land, but the adjacency degree is small (yellow patches in Figure 4). (4) The new map spot is located in the nonurban construction site and has no contact with the existing urban construction land (green patch in Figure 4). Given these cases, we believe that the first and second cases are internal filling expansion, the third case is fringe sprawl, and the fourth case is enclave sprawl. In specific, only the third and fourth cases are urban sprawl.



Urban sprawl identification needs to distinguish urban interior filling and urban sprawl from map spots used for new urban construction land. According to the spatial location of urban interior filling and urban sprawl, there is a few qualitative analyses, but it is necessary to quantitatively identify the urban sprawl in Shanghai in the new map spots, the more commonly used methods are: public edge measure and landscape expansion index (LEI).



The principle of the common edge measurement method is based on the ratio of the common edge length of the new construction land patch and the existing construction land patch to the perimeter of the new construction land patch. The calculation formula is as follows:


  S =    I C   I   



(3)




where S represents the common edge measurement index, IC represents the length of the common edge between the new construction land and the existing construction land, and I is the edge length of map spots used for new construction land. When S ≥ 0.5, internal filling expansion occurs. When 0 < S < 0.5, it is an urban sprawl. When S = 0, it is an enclave expansion [74,75,76,77].



In the process of identifying urban sprawl, this paper finds that remote sensing images belong to raster data. It is difficult to quantitatively calculate the common edges of new patches and existing patches and the perimeter of new patches in space, and it is difficult to realize automatic calculation. Considering the feasibility of the experiment, the landscape expansion index was selected to identify urban sprawl [78,79,80]. The calculation formula adopted in this paper is as follows:


  L E I =    A 0     A 0  +  A V     



(4)




where LEI represents the landscape expansion index of the newly added map spots, with a value of [0,1]; A0 denotes the area of overlapping area between the buffer zone of newly added map spots and existing construction land patches; and AV denotes the overlapping area between the newly added map spot buffer area and other land patches in the city. According to the calculation results, LEI was divided into urban internal filling (0.5 ≤ LEI ≤ 1) and urban sprawl (0 ≤ LEI < 0.5). When LEI is equal to 0, it is enclave sprawl, and the remaining areas are fringe sprawl.



Based on the results of the current research [81,82], the paper sets the buffer distance to 1 m, calculates the new patch buffer area and the overlap area of the existing construction land and other land. The landscape expansion index of each new patch was calculated according to Formula (4). Urban sprawl and internal filling are distinguished based on the calculation results (Figure 5).




2.3.2. Spatial Identification Method of Urban Sprawl Based on Population Density


In this paper, areas with higher urban population density than the average urban population density of Shanghai are defined as urban high-density areas, while areas with lower population density are defined as urban sprawl areas. The population distribution data and urban construction land were superimposed to obtain the spatial data of population density in the area covered by urban construction land. In order to eliminate the inconsistent resolution of different datasets, we used weights to redistribute the pixel attribute values of the population density raster data according to the construction land dataset to obtain a dataset consistent with the resolution of the construction land and with both population attribute values. The population density values corresponding to the grid data of construction land in Shanghai in 2000, 2005, 2010, 2015, and 2020 were calculated according to the area sharing method. The calculation results of the mean population density values of the corresponding years are shown in Table 6.




2.3.3. Spatial Identification Method of Urban Sprawl Based on Land Use Benefits


Using nighttime light data as the original data, the gross domestic product (GDP) data were discretized to obtain the spatial grid data of Shanghai’s GDP. The premise of this method is to verify the correlation between GDP data and nighttime light data.



	(1)

	
Temporal correlation. With the nighttime light index as the vertical axis and GDP data as the horizontal axis, a scatter plot was created to show their relationship (Figure 6). The sample data in Figure 6a,b were different. Since Figure 6a only selected the data of 2000, 2005, 2010, 2015 and 2020, the correlation coefficient between nighttime light index and GDP was relatively high, reaching 0.9570, R2 was 0.9158. However, in fact, due to the small amount of sample data, it is easy to overfit. In order to avoid overfitting caused by too little data, annual data from 2000 to 2020 were selected for correlation analysis in Figure 6b, so its correlation coefficient was reduced to 0.8805, R2 was 0.7753. Due to the sharp points of the nighttime light index in 2009 and 2012, if these outliers are removed, the correlation coefficient between the two increases to 0.9350, and the linear fitting degree (R2) increases to 0.8742. The time series analysis showed that the nighttime light index was strongly correlated with GDP. However, temporal changes will ignore the spatial distribution of GDP, so it is necessary to verify the spatial correlation between the nighttime light index and GDP.







	(2)

	
Spatial correlation. The GDP value of each district in Shanghai in 2020 and the total value of the nighttime light data of each district in Shanghai were selected to verify the spatial correlation. The nighttime light index of each district in Shanghai is obtained based on the summary of pixel values of the nighttime light data of administrative boundary statistics of each district in Shanghai (Table 7).







Figure 7 is a scatter plot of GDP data and nighttime light data of 16 districts in Shanghai in 2020. Since the GDP and nighttime light index of the Pudong New Area are much higher than those of other districts, they are far from other points. The correlation coefficient between GDP and nighttime light data was 0.8624 according to linear regression, and the goodness of fit of the equation after linear regression was 0.7431. Both the correlation coefficient and goodness of fit proved that nighttime light data and GDP had a strong correlation.



First, the relational model needs to establish the distribution weight of nighttime light data, that is, the weight of a single raster value in the total raster values. Next, based on the weights of the nighttime light data, the total GDP value is assigned according to the weights to obtain the spatial GDP dataset. The calculation formula is as follows:


  G D  P  i j   = G D P *    Q  i j    Q   



(5)




where GDPij represents the GDP value of a spatial raster; GDP represents the total GDP of the study area; Qij represents the weight value of the grid; and Q denotes the total weight value in the study area.



First, the nighttime light data and construction land data were spatially matched, and the nighttime light attribute value was assigned to the construction land according to the area equalization method. Next, the GDP was allocated according to the weight of the nighttime light data in the construction land to obtain the spatial data of GDP in the construction land. The threshold of land use benefit was determined by the same method as the threshold of population density. The area higher than the city’s average land use benefit was considered the high-benefit area of land use, and the area lower than the city’s average land use benefit was considered the low-benefit area of land use (Table 8).




2.3.4. Spatial Identification Method of Urban Sprawl with Integrated Dimensions


The characteristics of urban sprawl are multidimensional, and single measures based on spatial discontinuity, low population density, or low land use efficiency are all one-sided. The identification of urban sprawl needs to take into account both spatial attributes and connotation attributes. However, there may be spatial inconsistencies between a low population density area and low land use benefit area In specific, the same area may be a low population density area but a high land use benefit area. Therefore, it is necessary to comprehensively identify urban sprawl through a combination of connotation and spatial attributes.



First, the entropy method is used to integrate the population density and land use benefit. Second, the fusion results are spatially matched with the land use continuity data to obtain data with the characteristics of low population density, low land use efficiency and spatial discontinuity, which were identified as urban sprawl areas, and the results are graded. The entropy method is used to calculate the index weight as follows:




	(1)

	
Normalization of indicators. The normalization treatment of indicators needs to distinguish between positive and negative indicators. Positive indicators and negative indicators have different standardization formulas:











  Positive   indicators :    x  i j  ′  =    x  i j   − min  (   x  i j    )    max  (   x  i j    )  − min  (   x  i j    )     



(6)






  Negative   indicators :    x  i j  ′  =   max  (   x  i j    )  −  x  i j     max  (   x  i j    )  − min  (   x  i j    )     



(7)







	(2)

	
Calculate the redundancy of information entropy:









    d j  = 1 +  1  ln m     ∑   i = 1  m   p  i j    (  ln  p  i j    )      j = 1 , 2 , … , n   



(8)




where m represents the number of selected indicators and n represents the number of samples.    p  i j   =    x  i j  ′      ∑   i = 1  m   x  i j  ′     .



	(3)

	
Index weight calculation:








    w j  =    d j      ∑   i = 1  m   d j      



(9)





The weights of population density and land use benefit were calculated with the entropy method. The results are shown in Table 9.



According to the calculated weight, the spatial data of the two variables are coupled as follows:


   x  i j   =  w 1  *  p  i j   +  w 2  *  G  i j    



(10)




where    x  i j     represents the comprehensive value corresponding to the jth element in the ith period;    p  i j     represents the population density corresponding to the jth element in the ith period;    w 1    is the weight of population density;    G  i j     represents the land use benefit corresponding to the jth element in the ith period; and    w 2    is the weight of land use benefit.



Next, the identification results based on the proximity of new patches and the coupling results of the above two are integrated to obtain the combined data of urban sprawl spatial data and population density and land use benefit attributes. Areas with values lower than 0.5 were defined as mild sprawl areas, and areas higher than 0.5 were defined as severe sprawl areas.




2.3.5. Limitations of This Study


The limitations of this paper are as follows: (1) The reduction in urban construction land is not considered in the time series superposition of construction land. In recent years, Shanghai took the lead in putting forward the development concept of negative growth of construction land scale in China and has continuously promoted reductions in inefficient construction land. In the future, the “negative growth” of construction land should be considered when studying the spatiotemporal dynamics of cities. (2) The temporal nature of nighttime light data, inconsistencies in landsat data and differences in data resolution led to certain limitations in the research. For example, landsat has a resolution of 30 m × 30 m, nighttime lights of 1 km × 1 km or 500 m × 500 m, and population density data of 100 m × 100 m. Although the vector grid is unified as 30 m × 30 m in this study, the influence of data resolution cannot be completely eliminated.






3. Results


3.1. Urban Sprawl Pattern Based on Patch Continuity of Newly Added Construction Land


From 1990 to 1995, the urban internal filling area was 88.687 km2, accounting for 27.34% of the new urban construction land area, and the proportion of urban internal filling was relatively high. From 1995 to 2000, internal filling accounted for only 6.23% of the new construction land, and the city was mainly in a state of sprawl. From 2000 to 2015, the proportion of urban internal fill increased greatly, staying between 20% and 30%. The ratio of internal filling even exceeded 30% during 2010–2015. From 2015 to 2020, the proportion of internal infill decreased, while that of urban sprawl increased (Figure 8). In general, urban sprawl has become the dominant mode of urban spatial expansion.



In terms of urban sprawl types, from 1990 to 1995, enclave sprawl accounted for a relatively small proportion, approximately 2.8%, and marginal sprawl accounted for approximately 70%. Between 1995 and 2000, enclave sprawl increased to 15.1%and marginal sprawl to 78%. From 1995 to 2015, the proportion of urban enclave sprawl continued to decline, while marginal sprawl first decreased and then increased. From 2015 to 2020, the proportion of marginal sprawl and enclave sprawl increased, and marginal sprawl was the main sprawl (Figure 9).




3.2. Urban Sprawl Pattern Based on Population Density


In 2000, 2005, 2010, 2015, and 2020, the population and pixel number of high-density population areas and the population and pixel number of low-density population areas in Shanghai were, respectively, counted. The results showed that (Table 10): (1) The population of high-density population areas was larger, but the occupied land area was smaller. The area with low population density has a relatively small population but occupies a large area of land. For example, in 2000, Shanghai’s high-density population areas accounted for only 30% of the construction land, but they contained 75% of the population. (2) From the perspective of time series change, the proportion of the population and land use decreased in high-density areas, while the proportion of the population and land use increased in low-density areas. (3) From the perspective of spatial change, the urban population showed a dual trend of central agglomeration and suburban expansion. Urban high-population density areas were concentrated mainly in the central city and some new city centers, while large areas outside the city were all low-population density areas (Figure 10). The migration of the population from the city center to the suburbs is one reason for the continuous increase in urban sprawl based on the change in population density.




3.3. Urban Sprawl Pattern Based on Land Use Benefits


The GDP and pixel number produced by the high-benefit area and the low-benefit area in the study period were analyzed. The results show the following (Figure 11): (1) The GDP of the high-benefit area accounted for more than 70% of the total GDP, but the land area accounted for only approximately 40%. The low-benefit regions occupied more land area but produced lower GDP. (2) In terms of the time series, the GDP of high-benefit regions and low-benefit regions showed an upwards trend. (3) From the perspective of space (Figure 12), urban high-efficiency areas in 2000 were concentrated in the central urban area, supplemented by some regional centers, such as Jiading, Songjiang, and Qingpu. From 2000 to 2010, the center of high-efficiency areas was concentrated in the central urban area, but several sporadic high-efficiency areas also appeared. Due to the relocation of manufacturing-oriented enterprises from downtown Shanghai to urban fringe areas, industrial agglomeration in the central urban area was weakened, the industries were concentrated in the parks in the urban fringe areas, and there was a low-efficiency zone between the central urban area and the external industrial parks. From 2010 to 2015, high-benefit centers along the urban edge expanded and gradually connected with high-benefit centers in the central city, while the area of low-benefit areas decreased and urban compactness increased. From 2015 to 2020, the area of low-benefit areas increased slightly.




3.4. Multidimensional Measurement Results of Urban Sprawl


Land use with high efficiency, mild sprawl, and severe sprawl in different research periods was statistically analyzed, and the results are shown in Figure 13. The identification results of urban sprawl based on the proximity of new construction land basically reflects the characteristics of inefficient urban land use, and efficient land use accounts for only 1–3%. From 1995 to 2010, the area of urban sprawl increased from 68.44 km2 to 330.12 km2, an increase of approximately 5 times. Severe sprawl was dominant, and the proportion basically showed a rising trend. The proportion of mild urban sprawl and efficient land use generally declined. From 2010 to 2020, the area of urban sprawl continued to decline, and the proportion of mild sprawl increased and exceeded that of severe sprawl.



Overall, from 1995 to 2010, the area of urban sprawl in Shanghai continued to increase, while the proportion of efficient land area continued to decline. Severe sprawl became the dominant mode, and its proportion continued to rise. From 2010 to 2020, urban sprawl gradually slowed, mainly becoming mild sprawl (Figure 14).




3.5. Temporal Volatility of Urban Sprawl


From the perspective of temporal changes, from 1990 to 2020, the total urban sprawl area of Shanghai was 1084.3 km2, with an average annual sprawl area of 36.14 km2. The periods 1990–1995, 2000–2005 and 2005–2010 showed large annual sprawling areas, fast sprawling speeds and high sprawling intensities. Overall, the two periods from 1995 to 2000 and 2015 to 2020 had smaller annual sprawling areas, slower sprawling speeds and weaker sprawling intensities (Table 11). Furthermore, urban sprawl shows temporal volatility and is a phased phenomenon rather than a long-term universal state. Therefore, the extent of urban sprawl should not be overstated. Moreover, in recent years, driven by high-quality urban development, the Master Urban Plan of Shanghai (2017–2035) clearly states that the area of urban construction land will not be increased, and urban sprawl is expected to continue decreasing in the future.




3.6. Regional Heterogeneity of Urban Sprawl


Shanghai urban sprawl also shows significant regional differences (Table 12): (1) The Pudong New Area showed the most serious urban sprawl from 1990 to 1995, accounting for approximately 40% of the total urban sprawl area, and the implementation of the Pudong development strategy was the main reason for the sprawl. The inner suburbs, such as Jiading and Minhang, were the key areas for the outward dispersal of the population from the central urban area, which also showed obvious urban sprawl. (2) From 1995 to 2000, the sprawl area of Songjiang District was 14.5 km2, accounting for 21.13% of the total urban sprawl area. From 2000 to 2005, Songjiang District and Pudong New Area were still the two areas with the most serious sprawl, and the sprawl area of Songjiang District even exceeded that of Pudong New Area. The construction of Songjiang University Town and Songjiang Industrial Parks were the main driving factors. (3) From 2005 to 2010, in addition to the Pudong New Area, Jiading District and Jinshan District also showed prominent sprawl. The development and construction of Jiading New City and Lingang New City and the redevelopment of Jinshan International Chemical City became important driving forces. (4) From 2010 to 2015, except for Pudong New Area and Songjiang District, Qingpu District accelerated its sprawl. (5) From 2015 to 2020, the urban sprawl area further expanded, with Pudong New Area (formerly Nanhui District), Fengxian District, and Songjiang District becoming the main sprawl areas. In general, urban sprawl in Shanghai showed a trend of expansion from the inner suburbs to the outer suburbs.



In addition, urban sprawl has directional differences. Taking People’s Square in Huangpu District of Shanghai as the origin of coordinates, a buffer zone covering Shanghai was established (the radius of the buffer zone was 75 km), and the equal angle of the buffer zone (22.5 degrees) was divided into 16 directions. The results showed that (Figure 15) (1) from 1990 to 1995, urban sprawl in Shanghai was dominated by the NW–NNW, E, and SW and the southwest, east, and northwest directions, with People’s Square as the center, showing equal intensity sprawl and each direction accounting for approximately 10% of the total urban sprawl area. (2) During 1995–2000, the urban sprawl trend of Shanghai was mainly in the southwest direction and the east–southeast direction, accounting for 22.6% and 19.1%, respectively. (3) From 2000 to 2005, the urban sprawl direction was mainly in the southwest direction, and the sprawling area reached 49.576 km2. (4) From 2005 to 2010, the main direction of urban sprawl was the southeast, and the sprawling area reached 51.196 km2, followed by southwest and south. (5) From 2010 to 2020, the urban sprawl in Shanghai was concentrated mainly in the southwest and southeast, but the intensity of sprawl was weaker than that from 2000 to 2010.




3.7. Circle Differentiation of Urban Sprawl


There is also a relationship between urban sprawl and spatial distance. With People’s Square as the center, a multiring concentric buffer covering the whole study area was established. The radius interval of the buffer was set as 5 km, the minimum radius of the concentric circle was 5 km, and the maximum radius of the concentric circle was 80 km. A total of 16 concentric buffer zones were established (Figure 16). The target layer and the concentric circle buffer are superimposed to calculate the total sprawl area of the target layer in each distance range.



The results showed that (Figure 17) within 5 km of People’s Square, the built-up area of the city was completely covered, and urban sprawl did not occur. Within a distance of 5 km to 10 km, the density of urban built-up areas was relatively high, and urban sprawl appeared a little. Urban sprawl in Shanghai was distributed mainly in the range of 10–50 km. From the perspective of the time series, the urban sprawl in Shanghai showed an inverted “V” shape, which first increased and then decreased. In some study periods, there was even a peak period rather than a single peak point. For example, the peak sprawl period from 2000 to 2005 was between 15 km and 35 km. In addition, the peak segment of urban sprawl increased with increasing distance from the center of the circle. From 1990 to 1995, urban sprawl was distributed mainly within 10–20 km of People’s Square, accounting for approximately 44.5%. From 2005 to 2010, the urban sprawl peak was within 25–30 km of People’s Square. From 2010 to 2015, the urban sprawl peak returned to within 20–25 km. The sprawl area decreased significantly from 2015 to 2020. When the distance from People’s Square was more than 50 km, the intensity of urban sprawl gradually weakened and approached 0.



Furthermore, from the distribution of ring lines (inner ring, middle ring, outer ring, and suburban ring) (Figure 18), the following can be observed: (1) The areas between the suburban ring and outer ring and outside the suburban ring have always been the key areas of urban sprawl in Shanghai. From 1990 to 1995, these two areas accounted for 71.3% of urban sprawl. Since then, the proportion of sprawl in these two areas has continued to rise, reaching as high as 96.3% from 2005 to 2010. Subsequently, the proportion of sprawl decreased but remained at approximately 90% (Figure 19). (2) The area inside the outer ring was the central city, and the sprawl proportion showed a trend of first decreasing and then increasing. The sprawl area between the middle ring and the outer ring has increased in recent years.





4. Discussion


4.1. Indicators and Methods of Urban Sprawl Measurement


The main purpose of measuring urban sprawl is to use quantitative indicators or mathematical methods to reveal the process, pattern and internal mechanism of urban sprawl, so as to provide scientific basis for understanding and controlling urban sprawl. Some scholars measure urban sprawl by the ratio between urban construction land expansion rate and urban population growth rate. When the former is greater than the latter, there is a phenomenon of urban sprawl [83]. However, since the interactive evolution relationship between land urbanization and population urbanization is not fixed in the long term, it is not necessarily a sign of urban sprawl that the speed of land urbanization is faster than that of population urbanization in a certain period. Some scholars believed that urban sprawl must mean excessive suburbanization [84]. However, so far, the measurement method of suburbanization itself is not mature, let alone the measurement of excessive suburbanization.



The advantages of single index method are intuitive, easy to obtain data and simple to calculate. The main problems of this method are as follows: (1) The discrimination basis is single, and it cannot fully reflect the combination change characteristics of urban space elements (population, land, industry, economy, form, etc.). (2) The density method measures the proportional, uniform and continuous changes between the material and the corresponding area [20], so it is difficult to measure the non-continuous leapfrog expansion. (3) It is difficult to reveal the stage differences of urban spatial evolution and the state transformation characteristics of “sprawl” and “non-sprawl”, which are measured by the fractal dimension only relative values rather than absolute values.



In general, the multi-dimensional index method is superior to the single index method. Urban sprawl is characterized by complexity, dynamic and regional differences. In order to better reveal the process, patterns and internal mechanism of urban sprawl, it is worth trying to carry out interdisciplinary comprehensive research with the help of GIS and RS technology.



It is also worth noting that urban sprawl is related to the modes of urban expansion. In the United States, urban sprawl can be regarded as the leapfrog ribbon-like expansion of low density, single land use and commercial and residential separation along traffic arteries. However, in the construction of intensive cities in Japan, the high-density and mixed land use formed by the development and construction along the transportation axis and the compact layout combining commercial and residential areas based on the good public transportation system should not be regarded as urban sprawl [20].



In addition, in the measurement of urban sprawl, the choice of time scale is also very important [66]. First, the total duration should not be too short and should be able to show the characteristics of different stages of economic development. The period from 1990 to 2020 is a period of rapid development of industrialization and urbanization and prominent urban sprawl in Shanghai. Second, the time interval should be moderate, which can more accurately reflect the change information of land use pattern, population distribution and land use efficiency. We think a 5-year interval is better than a 10-year interval.



The changes of land, population and their allocative efficiency are the core characteristics to identify urban sprawl. In this study, the measurement index system is constructed according to these three core characteristics. Compared with previous studies [17,21,40,42,66], the indices of the measure are both dominant and concise, and the results of empirical measurement are very consistent with the reality of urban sprawl in Shanghai, so the measurement method has good reference value.




4.2. Does the Effective Housing Supply Determine the Speed of Urban Sprawl?


The effective supply of housing is an important means to stabilize housing prices and promote the healthy development of the real estate market. It is affected by the comprehensive effects of land supply structure, the development cycle of developers and national policy regulation [85,86]. The housing supply rate is an important indicator for evaluating housing capacity [87]. The effective housing supply not only depends on the design of real estate developers and the proportion of housing sold by the market, but more importantly, it can be delivered to meet housing demand in that year. In China, the ratio of the floor area under construction to the floor area completed is usually used as an indicator of the effective housing supply. Table 13 shows the ratio of residential construction area to completed residential area in Shanghai from 1990 to 2020.



We believe that reside, employment, and living facilities are interrelated, and their spatial separation is the result of urban sprawl. However, housing is only one of the elements. What impact does the effective housing supply have on urban sprawl in the spatial and temporal coordination of housing, employment, and services? To answer this question, we analyze the correlation between the ratio of residential construction area to completed residential area and the urban sprawl index. The calculation results showed that (Table 14) during the study period (1990–2020), there was a significant negative correlation between the urban sprawl area index and the ratio of residential construction area to completed residential area (r = −0.705, p = 0.022 < 0.05) and a highly significant negative correlation between urban sprawl intensity and the ratio of residential construction area to completed residential area (r = −0.706, p = 0.008 < 0.01). In conclusion, the effective housing supply significantly affects the intensity and scale of urban sprawl in Shanghai but not the speed of urban sprawl.



The significant negative correlation between the ratio of residential construction area and completed residential area and urban sprawl intensity reflects, to some extent, the government’s tendency to increase residential land supply when the completion rate is insufficient and the effective housing supply is difficult to guarantee. However, the construction area of residential buildings has shown an upwards trend in recent years, while the corresponding construction area of residential buildings has remained relatively stable. To some extent, these trends show that even if the government increases the land supply, developers may actively use land, increase land storage, delay construction progress, and engage in other behaviors to increase the ineffective housing supply under economic uncertainty and government policy tightening. Such behavior may further lead to “supply interruption”, thus affecting or even disrupting the effective order of the real estate market and even the financial market.



Ensuring the effective supply of housing is particularly important for meeting residents’ housing needs and stabilizing the real estate market. Blindly releasing land while ignoring the transformation of effective housing supply may fail to meet effective policy expectations. Relevant studies also show that, for the housing supply policy of the elderly population, the housing supply that ensures the feasibility of reconstruction is more effective than housing land development [89,90]. Shanghai has become an ageing society. In addition to paying attention to the structure of residential land transfer, we should also consider the completed area of residential buildings and the ratio of residential construction area and completed residential area to ensure the effective supply of residential buildings.




4.3. On the Generalisability of the Findings of This Study


Fringe sprawl has been the dominant mode of urban sprawl in Shanghai for the past 30 years, accounting for more than 70% of the total urban sprawl. Therefore, we should focus on the governance of fringe sprawl, promote the reduction in construction land, improve the level and efficiency of land use through the transformation and upgrading of industrial structure and the optimization of population distribution, and promote the compact and high-quality urban development. At present, Shanghai is implementing the development and construction of “five new cities”. The boundaries of new city development should be strictly defined and refined management and control should be strengthened.



We found that the main directions of urban sprawl in Shanghai were southeast and southwest, and Pudong New Area and Songjiang District were the key sprawl areas. This indicates that the center of gravity of Shanghai’s urban development has shifted to the south, and the single-center city pattern has evolved into a multi-center city pattern. In fact, the southern region is also the area with the greatest potential for development in Shanghai. At the same time, the southern part of Shanghai is rich in ecological resources and agricultural resources. Therefore, we should plan the future development of southern Shanghai with a broader mind and a higher position, and create a new pattern of high-quality development featuring innovation, green, low-carbon, ecologically livable, regional cooperation and social affinity.



We also found that the effective supply of housing significantly affected the intensity and scale of urban sprawl but not the speed of urban sprawl in Shanghai metropolitan area from 1990 to 2020. In fact, in the process of urban expansion, the impact of expansion scale and intensity is far greater than the expansion speed. Since the effect of the former is direct, while the effect of the latter is indirect. This also suggests that we should focus on controlling the scale and intensity of urban sprawl in the governance of urban sprawl. In addition, the scale and intensity of residential suburbanization in metropolitan areas must be properly controlled. Along with manufacturing suburbanization, residential suburbanization has become the main drivers of urban sprawl in the metropolitan areas of China over the past 30 years.





5. Conclusions


We believe that in the process of urban space expansion, new construction land can be defined as urban sprawl only when it exhibits the three characteristics of discontinuity in land use space, low population density and low land use efficiency.



Urban sprawl occurred in Shanghai from 1990 to 2020. Land use patch continuity indicated that marginal sprawl was the main mode of urban sprawl. Based on population density, urban sprawl showed a continuous rising trend. Based on the land use benefit, it showed an “N”-type change trend of first increasing, then decreasing and again increasing. From the comprehensive perspective of multiple dimensions, urban sprawl changed from severe to mild in 2010. The comprehensive measurement results based on the multiconnotation characteristics of urban sprawl can erase the limitation of a single measurement of urban sprawl.



From a time series perspective, the urban sprawl of Shanghai from 1990 to 2020 showed a trend of first decreasing, then increasing and again decreasing, consistent with the change trend of new construction land in Shanghai. In addition, the sprawl area of Shanghai is inversely proportional to the land use efficiency of the sprawl area. In specific, the larger the sprawl area is, the lower the land use efficiency of the sprawl area is. Through time series analysis, we found that the effective supply of housing significantly affected the intensity and scale of urban sprawl but not the speed of urban sprawl in Shanghai.



Through the analysis of multiple spatial scales, we found that the direction of sprawl was mainly southeast and southwest, the peak of sprawl mainly occurred at 20–30 km and was located in the area between the outer ring and the suburban ring, and the development of new towns and new industrial parks was main drivers in Shanghai.



Based on multi-source geospatial data, this paper puts forward the technical ideas and methods for measuring urban sprawl in multiple dimensions, and takes Shanghai as an example for empirical application. How applicable and adequate are these methods for other cities? We will select more cities for further comparative study in the future.
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Figure 1. Study area. 
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Figure 2. Construction land distribution in Shanghai (1990–2020). 
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Figure 3. The expansion of urban construction land in Shanghai (1990–2020). 
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Figure 4. The spatial distribution of newly-added construction land. 
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Figure 5. Urban sprawl identification flow chart based on newly-added construction land patches. 
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Figure 6. Scatter plot of nighttime light index and GDP. (a) The correlation coefficient between nighttime light index and GDP in 2000, 2005, 2010, 2015 and 2020. (b) The correlation coefficient between nighttime light index and GDP from 2000 to 2020. 
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Figure 7. Scatter plot of GDP and nighttime light index of each district in Shanghai in 2020. 
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Figure 8. Identification map of urban sprawl in Shanghai from 1995 to 2020. 
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Figure 9. The change in the proportion of urban sprawl and urban internal filling. 
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Figure 10. The identification results of urban sprawl in Shanghai based on population density from 2000 to 2020. 
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Figure 11. GDP and pixel count statistics of high-benefit and low-benefit regions. 
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Figure 12. Identification results of urban sprawl based on land use benefits from 2000 to 2020. 
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Figure 13. Spatial distribution of urban sprawl in Shanghai during the period 1995–2020. 
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Figure 14. Urban sprawl grading results in Shanghai during the period 1995–2020. 
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Figure 15. A radar map of urban sprawl in Shanghai from 1990 to 2020. 
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Figure 16. A schematic diagram of a buffer zone analysis in Shanghai. 
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Figure 17. The relationship between urban sprawl area and distance in Shanghai from 1990 to 2020. 
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Figure 18. Distribution of ring lines in Shanghai. 
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Figure 19. Distribution difference of ring lines of Shanghai urban sprawl from 1990 to 2020. 
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Table 1. Advantages and disadvantages of urban sprawl measurement methods.






Table 1. Advantages and disadvantages of urban sprawl measurement methods.





	Methods
	Single Indicator Measurement Method
	Multi-Index Measure Method
	Combined Method of RS and GIS





	Advantages
	Data accessibility and simple calculation
	The selection factors of the judgement indicators are more comprehensive, and the connotation characteristics are more comprehensive.
	The data are easy to obtain, and the spatial information is rich.



	Disadvantages
	Single indicator
	The measurement standard is not unified, and it is difficult to obtain data. The study area was considered as a whole, while internal differences were ignored.
	It is difficult to integrate with other data.
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Table 2. The remote sensing image information.
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Satellite

	
Landsat5

	
Landsat7

	
Landsat8




	
Sensor

	
TM

	
ETM+

	
OLI




	
Band

	
Band

	
Resolution (m)

	
Band

	
Resolution (m)

	
Band

	
Resolution (m)






	
Band1

	
Blue

	
30

	
Blue-Green

	
30

	
Coastal

	
30




	
Band2

	
Green

	
30

	
Green

	
30

	
Blue

	
30




	
Band3

	
Red

	
30

	
Red

	
30

	
Green

	
30




	
Band4

	
Near IR

	
30

	
Near IR

	
30

	
Red

	
30




	
Band5

	
SW IR

	
30

	
SW IR

	
30

	
Near IR

	
30




	
Band6

	
LW IR

	
120

	
LW IR

	
60

	
SW IR1

	
30




	
Band7

	
SW IR

	
30

	
SW IR

	
30

	
SW IR2

	
30




	
Band8

	

	

	
Pan

	
15

	
Pan

	
15




	
Band9

	

	

	

	

	
Cirrus

	
30
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Table 3. Calculation formula of NDBI and NDVI.
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	Sensors
	Landsat5 TM
	Landsat7 ETM+
	Landsat8 OLI





	NDBI
	     B a n d 5   −   B a n d 4   B a n d 5   +   B a n d 4     
	     B a n d 5   −   B a n d 4   B a n d 5   +   B a n d 4     
	     B a n d 6   −   B a n d 5   B a n d 6   +   B a n d 5     



	NDVI
	     B a n d 4   −   B a n d 3   B a n d 4   +   B a n d 3     
	     B a n d 4   −   B a n d 3   B a n d 4   +   B a n d 3     
	     B a n d 5   −   B a n d 4   B a n d 5   +   B a n d 4     
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Table 4. The accuracy evaluation results of remote sensing images.
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	Year of the Image
	Overall Accuracy (%)
	Kappa Coefficient





	1990
	94.6944
	0.8812



	1995
	96.4295
	0.9155



	2000
	95.1244
	0.9010



	2005
	88.7201
	0.7744



	2010
	92.8071
	0.8550



	2015
	96.4016
	0.9279



	2020
	95.4278
	0.9085
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Table 5. Nighttime light data source information.
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	Data Source
	Year
	Resolution





	DMSP/OLS
	1992–2013
	1 km × 1 km



	NPP-VIRS
	2012–2020
	500 m × 500 m










[image: Table] 





Table 6. The average population density (threshold) of a single pixel (30 m × 30 m) in the study period.
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	Year
	2000
	2005
	2010
	2015
	2020





	Mean (person)
	6.6623
	6.9562
	7.1509
	7.9930
	9.3087
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Table 7. The nighttime light data values of each district in Shanghai in 2020.
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	Region
	Number of Pixel
	Pixel Values





	Jiading district
	2119
	45,412.62



	Fengxian district
	2955
	34,380.99



	Baoshan district
	1348
	34,227.8



	Chongming district
	4950
	17,278.11



	Xuhui district
	251
	9764.21



	Putuo district
	260
	10,827.14



	Yangpu district
	271
	9513.87



	Songjiang district
	2821
	43,480.68



	Pudong new area
	5460
	136,555.10



	Hongkou district
	108
	4229.15



	Jinshan district
	2700
	24,372.22



	Changning district
	172
	9359.68



	Minhang district
	1721
	52,135.71



	Qingpu district
	2786
	38,140.49



	Jinan district
	176
	7789.68



	Huangpu district
	93
	5451.57
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Table 8. Average GDP per unit area (threshold) of a single pixel (30 m × 30 m) in the study period.
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	Year
	2000
	2005
	2010
	2015
	2020





	GDP per unit land area

(ten thousand CNY)
	29.35
	44.04
	69.21
	94.09
	133.53
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Table 9. The calculation results of the entropy method.
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	Indexes
	Population Density
	Land Use Efficiency





	  d  
	0.1589
	0.1859



	  w  
	0.4609
	0.5391
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Table 10. Urban sprawl identification results based on population density from 2000 to 2020.
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Year

	
2000

	
2005

	
2010

	
2015

	
2020






	
High population density areas

	
Population

(10,000 person)

	
822.96

	
1086.66

	
1391.33

	
1713.57

	
2033.81




	
Pixel number

	
489,182

	
608,493

	
720,020

	
774,064

	
787,960




	
Low population density areas

	
Population

(10,000 person)

	
265.21

	
361.43

	
455.60

	
564.19

	
684.38




	
Pixel number

	
1,144,155

	
1,473,237

	
1,862,769

	
2,075,630

	
2,132,083
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Table 11. The scale, speed and intensity of urban sprawl in Shanghai.
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	Period
	Sprawl Area Index (km2)
	Sprawl Speed Index (%)
	Sprawl Intensity Index (%)





	1990–1995
	47.145
	4.589
	0.744



	1995–2000
	13.687
	1.013
	0.216



	2000–2005
	55.227
	3.870
	0.871



	2005–2010
	66.023
	3.666
	1.041



	2010–2015
	25.525
	1.127
	0.403



	2015–2020
	9.252
	0.377
	0.146







Note: (1) The urban sprawl area index refers to the average annual urban sprawl area of a region during the study period. The calculation formula is S = UM/T, where S denotes the urban sprawl area index, UM represents the newly added urban sprawl area in the research period, and T represents the research period. The research interval in this paper is 5 years. (2) The urban sprawl speed index is the growth rate of the urban sprawl land area in the study period. The calculation formula is:   R =    U M     U A    *  1 T  * 100 % ,   where R represents the urban sprawl speed index and UA denotes the initial urban land area in the study period. (3) The urban sprawl intensity index refers to the proportion of urban sprawl area in the total area of the study area. The calculation formula is as follows:   Q =    U M     S z    *  1 T  * 100 %  , where Q represents the urban sprawl intensity index and Sz is the total area of the study area.
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Table 12. Proportion of urban sprawl by region in Shanghai (Unit: %).
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	Region
	1990–1995
	1995–2000
	2000–2005
	2005–2010
	2010–2015
	2015–2020





	Baoshan District
	8.60
	6.84
	4.98
	6.00
	1.10
	3.12



	Chongming District
	5.83
	5.25
	3.45
	7.63
	2.64
	11.14



	Fengxian District
	0.88
	3.94
	14.90
	10.06
	8.89
	17.00



	Jiading District
	15.98
	10.54
	12.91
	13.90
	6.59
	3.48



	Jinshan District
	1.63
	3.47
	7.31
	12.85
	6.54
	5.12



	Minhang District
	12.43
	10.01
	9.41
	4.92
	8.90
	3.73



	Pudong New Area
	39.56
	33.97
	17.95
	24.82
	41.02
	31.75



	Putuo District
	1.30
	0.61
	0.32
	0.03
	0.00
	0.00



	Qingpu District
	8.03
	4.21
	9.16
	9.35
	12.98
	7.89



	Songjiang District
	5.33
	21.13
	19.61
	10.44
	11.29
	16.77



	Xuhui District
	0.42
	0.00
	0.00
	0.00
	0.05
	0.00



	Yangpu District
	0.00
	0.00
	0.00
	0.00
	0.00
	0.00



	Changning District
	0.01
	0.02
	0.02
	0.00
	0.00
	0.00







Note: No sprawl occurred in the three central districts of Huangpu, Jingan and Hongkou.
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Table 13. Ratio of residential construction area to completed residential area in Shanghai from 1990 to 2020.
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	Year
	Residential Construction Area

(10,000 Square Meters) (A)
	Completed Residential Area

(10,000 Square Meters) (B)
	A/B





	1990
	2269.06
	1339.02
	1.69



	1995
	6195.12
	1746.82
	3.55



	2000
	4804.12
	1724.02
	2.79



	2005
	8267.24
	2819.35
	2.93



	2010
	7313.85
	1396.05
	5.24



	2015
	8372.12
	1588.95
	5.27



	2020
	7712.25
	1627.61
	4.74







Data source: Shanghai Municipal Statistics Bureau. 2021 Statistical Yearbook of Shanghai. Beijing: China Statistical Publishing House, 2021 [88].
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Table 14. Correlation analysis between the ratio of residential construction area and completed residential area and urban sprawl index in Shanghai from 1990 to 2020.






Table 14. Correlation analysis between the ratio of residential construction area and completed residential area and urban sprawl index in Shanghai from 1990 to 2020.





	Sprawl Index
	Sample Size (n)
	r Value
	p Value





	Sprawl area index
	6
	−0.705 *
	0.022



	Spread velocity index
	6
	−0.902
	0.417



	Sprawl intensity index
	6
	−0.706 **
	0.008







Note: * indicates significant correlation at 0.05 level and ** indicates highly significant correlation at 0.01 level.
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