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Introduction: Urbanization converts vegetated lands into impervious surfaces and often degrades vegetation carbon sequestration in urban ecosystems. At the same time, the impact on urban vegetation growth from urban expansion could be spatially diverse given different natural environments and urban management practices.

Methods: Here we applied time-series remotely sensed images and analyzed the urban growth for all the prefecture-level cities across China during 2001–2019, and compared the impact of urbanization on vegetation carbon uptake proxied by MODIS (MOD17A2H) net primary productivity (NPP) on Google Earth Engine platform.

Results: The result indicated that at the national scale, the carbon uptake flux in urban areas was only 19% compared to that in the nonurban vegetated counterparts. The total urban area expanded by 22% and the vegetation carbon uptake in the newly urbanized zones was averagely reduced by 16% during the period, but with high spatio-temporal heterogeneity among cities and with exceptions demonstrating even improved NPP, highlighting diversified responses of vegetation carbon sequestration to urban sprawl. The changes of vegetation carbon sequestration in response to urbanization were found to be spatially clustered.

Discussion: We conclude that urban land management strategies unique to cities may attribute to the diversified responses of vegetation carbon capture to urbanization.
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1. Introduction

Rapid urbanization has been observed across the globe in recent decades, particularly in some developing countries (Guan et al., 2018). Urban lands are the core area for global population agglomeration where the interactions between human beings and the surrounding environments supporting their survival are intense (Hong and Jin, 2021). Previous research estimated that by the end of the century, about 70% population are expected to live in cities (Zhou et al., 2019b). However, rapid urbanization has degraded urban vegetation, which is important for providing ecosystem services, such as eliminating air pollution, reducing noise, and mitigating the urban heat island effect (Wei et al., 2021). The degradation in urban vegetation comes mainly from two aspects. First, considerable amount of vegetated area was converted into built-up or impervious surfaces for more population to settle down (Zhao et al., 2019; Fang et al., 2021). Second, vegetation productivity close to urban lands was often degraded due to the spillover effect from urbanization or any indirect impact from human activities (Niu et al., 2021; Chen and Chi, 2022).

Measuring the impact on urban vegetation from urban expansion has been a hot topic in targeting sustainable urban development (Cheng and Masser, 2003; Luo et al., 2021). While traditional on-site surveys played an important way to monitor urban growth, recent advances in remote sensing technology have made it possible to investigate the impact of urban expansion on urban ecosystem services more efficiently (Churkina, 2016; Wang et al., 2018; Deng et al., 2019). Remotely sensed datasets collected with high spatial or/and temporal resolutions were applied to map land and vegetation cover changes (Keshtkar and Voigt, 2015; Zhou et al., 2018). One of the most common methods for studying the urban expansion rate and its impact on urban vegetation depends on useful indicators, e.g., normalized difference built-up index (NDBI), percentage of landscape (PLAND), edge density (ED), and mesh size of ecological land (MESH), to map urban growth from remote sensing images (Liu et al., 2019; Huang et al., 2022). Moreover, advanced analytical models, for example, spatial regression and correlation analysis, were applied to explain the driving factors for urban growth and its impact on urban ecosystems (Li et al., 2017; Sha et al., 2017). Urban sprawl is essentially driven by human activities due to the conversion of vegetated areas into residence, transportation network, and commercial districts (Guan et al., 2018; Wu and Wu, 2018). Multiple factors explaining the updates in urban vegetation not only include urban expansion and socio-economic but other natural environmental changes (Liu et al., 2015). Isolating the impact on urban vegetation from urban expansion is valuable because it can offer useful guidance for designing urban plan policies.

Comparative studies involving a cluster of cities can differentiate unique paths of urban growth in different cities and their impact on urban vegetation health (Xu et al., 2018). Urban greenness protection measures taken by local municipal governments have a profound influence on vegetation cover (Rodgers, 2020). For example, while many cities pay more attention to economic development, others may take a balanced urban development strategy, which allows urban expansion at a reasonable rate and at the same time protects or restores urban greenness. Local studies focusing on a single or too few cities are not enough to reveal the urban growth patterns, given the diversities in socio-economic development and urban environments. Similarly, it is limited from studies performed at local a scale to understand the differentiated impact of urban expansion on vegetation carbon sequestration under different urban environments and socio-economic contexts (Seto et al., 2012). Urbanization and its impact on vegetation might be temporally dynamic, because urban growth and urban management policies may vary for better adapting to the urban development needs (Rauws and De Roo, 2016; van Stigt et al., 2017).

Carbon sequestration in urban areas is closely correlated to urban vegetation (Lal et al., 2018). The net amount of carbon sequestration can be proxied by the net primary productivity (NPP), which can be reversed from remote sensing images and is widely applied to understand the vegetation dynamics in ecosystems (Peng D. et al., 2016). While reduced carbon sequestration is often associated with both the loss of vegetation coverage and degraded vegetation density in urban areas (Peng J. et al., 2016; Xu et al., 2018), several factors may also favor carbon sequestration in urban environments. For example, CO2 concentration in urban areas is usually higher than that in the countryside, which is referred to as CO2 fertilizer effect that can promote carbon sequestration (Chen et al., 2021). Clearly, the impact on carbon sequestration comes from the combined effect of various factors under different urban contexts (Churkina, 2016). Previous study highlighted the importance of ecological restoration projects to enhancing the vegetation service values in densely populated urban areas (Bonilla-Rodríguez et al., 2021). Furthermore, appropriate landscape patterns might be beneficial to promoting urban vegetation health (Mitchell et al., 2016). Therefore, cities may have a unique context to the impact on urban vegetation in urban development.

As the most populated country in the world, China has undergone unprecedented urbanization in the recent few decades. According to the latest statistics, China has enabled 64.7% of its population to live in cities in the year 2021, nearly doubling that figure in 2000 (https://www.statista.com/statistics/270162/urbanization-in-china, accessed on 2022-10-28). China has set the goal to reach its peak total CO2 emissions before 2030 and achieve carbon neutrality before 2060 (Liu et al., 2021). Many cities in China are reported to have experienced vegetation degradation in the last few decades (Luo et al., 2021). The projected urban expansion requires policy interferences to constrain the scale for future growth and maintains or even improves capacity of carbon sequestration from vegetation (Seto et al., 2012). As China's urbanization continues, it is of importance to understand the impact on vegetation carbon sequestration and take proactive measures to realize sustainable urban development. This study designs new indicators capable of modeling the impact on vegetation carbon sequestration from urbanization for major cities across China during the past two decades. It is to provide policy recommendations for realizing sustainable urban development. We try to answer the following two questions: (1) how fast was the urban growth for the cities and (2) how was the vegetation carbon capture from urbanization diversified among the cities and over time. Understanding urban growth and its impact on carbon sequestration in cities with various socio-economic and environmental conditions is helpful for urban planning. We present the study in the following sections: In the next section, the study area and data sources are outlined, the methodology is detailed in Section 3, the findings are presented in Section 4, and discussions and conclusions are made in Sections 5 and 6. Google Earth Engine (GEE) provided an ideal platform facilitating both integration of the datasets and implementation of the analytical framework and models using Python and thus was adopted in this study.



2. Study area and data sources

In the past few decades, China has witnessed rapid urban growth, which was an important part of fueling the country's economic boom. Due to the high heterogeneity of the socio-economic and natural environment difference, the pathway for urban development and the impact on the urban ecosystem from urban growth are varied. We selected the 353 prefecture-level cities (administrative units that are positioned between provincial and county levels) from national geomatics center of China (NGCC, http://www.ngcc.cn, accessed on 2022-11-17), and each is composed of a core metropolis, possibly affiliated by a few satellite cities, counties, or districts at a lower level. To further reveal spatial differences in urbanization, the study area is divided into seven regions based on the socio-economic development and natural environments, including north China (1), central China (2), south China (3), east China (4), north-east China (5), south-west China (6), and north-west China (7) (Figure 1). The cities experienced different growth stages, including stable urban activity, high-level steady growth, acceleration, low-level steady growth, and fluctuation (Ju et al., 2017). Urban vegetation, which is a key component providing urban ecological services, benefits city inhabitants in many aspects. As a direct outcome from urbanization, reduced vegetation coverage in many cities was reported (Chen et al., 2022). The country has long proposed policies to underpin green urban development paths, including urban afforestation or other urban vegetation protection programs (Zhou et al., 2019a). The selected cities cover a broad range of urbanization pathways because of differences in natural environments, resources, and socio-economic development and thus allow us to find different patterns in the impact from urbanization on vegetation carbon sequestration.
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FIGURE 1
 The study area, land cover map of the study area (in the year of 2019), the dynamics of urban area during 2001–2019, and the urban area for the seven natural-economic regions. Vegetated (land cover) types #1–#14 are included and non-vegetation types labels #15, #16, and #17 are excluded from further analysis. The land area is divided into seven natural-economically divided regions (from China's geographical regionalization map, see: https://www.enggeo.org).


Vegetation (land) cover data and net primary productivity (NPP) datasets for the study area are used for investigating the urbanization scale and its impact on vegetation carbon sequestration. Google Earth Engine (GEE) and its computing resources were applied to facilitate the analysis. The land cover classification in this study follows the protocol proposed by the International Geosphere-Biosphere Programme (IGBP). IGBP land cover from MODIS MCD12Q1 (asset id=MODIS/006/MCD12Q1 in GEE) is taken to map vegetation cover distribution. According to the IGBP land cover classification system, there are 17 types (Figure 1). Except for snow and ice (#15), barren (#16), and water bodies (#17), all the other types are included in the study, meaning for a period from year Y1 to Y2, the areas labeled by #15, #16, and #17 in either Y1 or Y2 are excluded. Because the land cover types from #1 to #13 are closely related to vegetation, they are together referred to as vegetated types, which sequester carbon dioxide (CO2) from the atmosphere. Vegetation productivity difference in areas labeled by vegetated types and urban areas allows us to study the impact on vegetation carbon sequestration from urbanization. The urban area is 1.16 × 105 km2 in 2001 and expands to 1.43 × 105 km2 in 2019, showing an increase of ~23% as compared to the initial urban area in the starting year (Figure 1). East China (region #4) experienced the largest urban growth, from 3.86 × 105 km2 in 2001 to 5.21 × 105 km2 in 2019, or 35% increase during the period.

NPP dataset provides a direct indicator of carbon sequestration from vegetation. The MODIS MOD17A2H product (Ver. 6) is processed as a cumulative 8-day composite at 500 m spatial resolution. The dataset includes time-series of Net Photosynthesis (PSN), an indicator of NPP that reflects the spatiotemporal variations in vegetation carbon uptake. This product is based on a wide range of observed parameters (e.g., normalized difference vegetation index) and radiation-use efficiency modeling. As the algorithm producing MOD17A2H assigns a special value (i.e., 32,762) to pixels labeled as urban/built-up, those pixels are reassigned with the value of zero considering that they usually have low NPP value. Annual accumulated NPP from MOD17A2H is used to compare the capacity of vegetation carbon sequestration in different areas, including urban, newly urbanized, and non-urban vegetated areas.



3. Methodology

To quantify the urban growth rate and evaluate its impact on vegetation carbon sequestration, we first design a conceptual framework for measuring urbanization process and propose indicators to reveal the impact for a given period starting in year Y1 (initial or base year) and ending in year Y2. In this framework, the land area of a target city is composed of a core (historical) urban area in the inner, a suburban area in the middle and countryside or a rural area outside (Figure 2). Urbanization is defined as a process that converts vegetated land cover often in suburban or/and sometimes countryside area into urban areas. For modeling convenience, the land area in each of the cities is divided into five categories, namely an initial urban area in Y1 (A), vegetated area in Y1 which is then urbanized during Y1–Y2 (B), newly urbanized area in Y2 which comes from the vegetated area in Y1 (C), vegetated area but with vegetation types changed during Y1–Y2 (D), and constant vegetated area without vegetation type changes during the period (E) (Figure 2). Note that the patches denoted by B in Y1 and C in Y2 are equivalent but referred to differently. The framework assumes that urban expansion starts from an initial urban area of a city (A in Y1), and then, the newly urbanized area (C in Y2) is added to the initial urban area at the end of the study period (Y2) as the outcome from the urbanization process.


[image: Figure 2]
FIGURE 2
 Conceptual framework for modeling the impact on vegetation carbon sequestration from urbanization for the prefecture-level cities in China (left side), with detail illustrated by the example (right side). A fraction of the vegetated area (B) in Y1 has been converted into urban lands (C) in Y2, and the urban area has expanded from the original A to A+C during Y1–Y2. Note that a small part of vegetated area in Y1 (D) could change into other vegetated types during the period, while the rest vegetated area (E) keeps unchanged. The patches B and C refer to the same area but are labeled differently for better illustration.


We apply two straightforward indicators to urban growth speed during a given period from Y1 to Y2, namely Urban_to_Total or the ratio of the newly urbanized area to the overall land area, and Urban_to_Urban or the ratio of the newly urbanized area to the initial urban area of a city during the period. The first indicator, i.e., Urban_to_Total, reflects the urban growth rate in comparison with its total size, while the second indicator is used to present the speed of urban growth of the city in comparison with its initial urban scale. They are computed using the forms of,
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where the symbols A, B, C, D, and E in Equations 1, 2 are the areas shown in Figure 2 and the subscripts Y1 and Y2 refer to the year of the area labeled by the symbols. Urban_to_Total and Urban_to_Urban offer different perspectives to indicate urban growth in a given period.

Urbanization affects vegetation growth and thus carbon sequestration (Xu et al., 2018). Vegetation carbon sequestration in historical urban areas might be far less than that in its non-urban vegetated counterparts (Peng J. et al., 2016). At the same time, the impact on vegetation from the new urban growth is likely to vary among cities because of differentiated climate changes and urban development policies. We here propose two indicators, NPPdiff and NPPratio, to evaluate the impact on vegetation carbon sequestration from urbanization. First, NPPdiff is defined as the ratio of NPP flux in urban area to that in non-urban vegetated areas. NPPdiff can indicate the impact on vegetation in historical urban areas among cities. An NPPdiff value smaller than 1.0 suggests that NPP in the urban area is lower than that in the non-urban vegetated areas, suggesting a negative impact from urbanization. An NPPdiff value close to zero indicates that urbanization imposes a strong negative impact, implying that vegetation in urban areas sequesters very low carbon. NPPdiff can be updated because of changes in vegetation types over time. For example, afforestation in degraded vegetation cover could improve NPP considerably in non-urban areas (Ding et al., 2021), which will decrease NPPdiff. Such changes in NPPdiff due to the interconversions of vegetation types rather than urban expansion should not be regarded as a result of urbanization; accordingly, vegetated areas that experienced changes in vegetation types, denoted by D (vegetated area with vegetation types changed over time) in Figure 2, are excluded from NPPdiff computation. For a given period from year Y1 to year Y2, because the NPPdiff can be computed for both Y1 and Y2, their averaged result is then taken to reflect the impact on NPP from urbanization, in the forms of,
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where (NPPdiff)Y1 and (NPPdiff)Y2 are the ratio of the NPP flux in the urban area to that in non-urban vegetated area in years Y1 and Y2, respectively; the subscripts for NPP at the right side of Equations 3, 4, including A, B, C, and E, indicate the average NPP flux in the areal patches in Figure 2; the subscripts Y1 and Y2 outside the parenthesis specify the starting and ending year. NPPdiff in Equation 5 is the averaged result for the years Y1 and Y2.

Because NPPdiff primarily focuses on and is determined by NPP flux in historical urban areas (i.e., NPPA in Y1 and NPPA+C in Y2), it is also referred to as a static indicator reflecting the impact of urbanization on carbon sequestration at a single snapshot (Y1 or Y2). Conversely, NPPratio will focus primarily on the newly urbanized area during a study period and compare the difference of NPP flux in the newly urbanized area between a starting time point and an ending point and is referred to as a dynamic indicator. Direct comparison between the NPP flux in the starting and ending years, i.e., Y1 and Y2, may serve as a method for indicating the impact of urbanization. However, the influence of the inter-annual fluctuations in climate conditions, e.g., annual precipitation and temperature, should not be neglected as they certainly contribute to the changes in NPP flux if they are different in Y1 and Y2. To account for the temporal climate variations, NPPratio is designed at two levels. At the first level, NPPratio is computed to be the ratio of the NPP flux in the to-be-urbanized area in Y1 (equivalent to the newly urbanized area in Y2) to that in the corresponding non-urban vegetated area (known as reference area). Then at the second level, the difference between the NPPratio in Y1 and Y2 is compared using the ratio of NPPratio in Y2 to that in Y1. The underlying assumption is that the climatic variations will cause NPP flux changes in both newly urbanized and reference areas and that the scale of the NPP flux change in the newly urbanized area will be similar to that in the reference area with no disturbances from other non-climatic factors. For instance, favorable temperature and rainfall can booster vegetation growth in both the urban area and the rural counterparts but the ratio, or NPPratio, will largely keep stable over time if there is no impact from non-climatic factors such as urbanization. The reference area is decided to be the total area including the newly urbanized (B/C in Figure 2) and the non-urban vegetated without conversions in vegetation types during Y1–Y2 (E in Figure 2). When examined at different temporal points, NPPratio in Y1 and NPPratio in Y2 will theoretically be close if there is no impact on NPP from urban growth but will differ depending on the impact level from urbanization during the period. By comparing NPPratio in Y1 and NPPratio in Y2, the impact on NPP in the newly urbanized area can be measured, in the forms of,
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where (NPPratio)Y1 and (NPPratio)Y2, in Equations 6, 7, are the ratio of the average NPP flux in B (or C) to that in B+E (or C+E) before (Y1) and after the urbanization (Y2), respectively, at the first level, and NPPratio in Equation 8 is the comparison result of the two temporal snapshots at the second level. The subscript symbols at the right side of Equations 6, 7, including B, C, and E, are explained in Figure 2. NPPratio from Equation 8 measures the impact on vegetation carbon sequestration from urbanization. An NPPratio value larger than 1.0 suggests improved carbon sequestration from urbanization and vice versa. We assess the impact of urbanization on vegetation carbon sequestration using both indicators, NPPdiff and NPPratio, during the whole period (Y1–Y2), i.e., 2001 to 2019, and compare the temporal variations of the indicators by dividing the periods into two sub-periods or phases, i.e., 2010–2019 and 2001–2019.

The spatial cluster in terms of the impact from urbanization for both the indicators NPPdiff and NPPratio may display regional differences among the cities. To explore the global spatial patterns of the impact, we apply Moran's I index to check whether the impact is spatially clustered (Getis and Ord, 1992),
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where wij represents a matrix of spatial weights representing contiguity or connectivity between city i and j, xi and xj are NPPdiff (or NPPratio) for the ith and jth city where city i and j (j ≠ i) are spatially connected, and [image: image] is the average value for all the cities. While a statistically significant global Moran's I indicates the spatial association for the whole region, a local version was used to analyze the spatial variations of the cluster based on the following equation (Anselin, 1995),
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where Ii is the local Moran's I for city i, and σ is the standard deviation of values for the cities spatially connected to city i. The local Moran's I is a local version identifying local clusters and reflects each contribution to the global version. The local version can detect spatial distribution patterns of the indicators (NPPdiff and NPPratio) as significant clusters showing high values (H-H) or low values (L-L) or outliers in which a high value is surrounded by low values (H-L) or vice versa (L-H; Anselin, 1995).



4. Results


4.1. Heterogeneity in urban growth

The newly urbanized area during 2001–2019 totaled 2.63 × 104 km2 but showed considerable spatial variations, ranging from 0 to 1,063 km2 among the prefecture cities. Several cities, including Shanghai, Beijing, and Tianjin which are megacities directly under the central government, experienced intensive urbanization, as they are not only among the top list in terms of the total urban area in the starting year (Figure 3a), but also in the list having the largest urban expansion at the end of the period (Figure 3b); the urbanization speed, both Urban_to_Total (Figure 3c) and Urban_to_Urban (Figure 3d), was much higher compared with most of the others. The urbanization rate from Urban_to_Urban showed that some cities even doubled their original urban area, the one showing the maximum growth expanded by 128.8% relative to the original urban area, suggesting that a great part of its vegetated area was transformed into urban land during the period.
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FIGURE 3
 Urban growth during 2001–2019 for the municipal cities. (a) initial urban area in 2001, (b) increased urban area during the period, (c) Urban_to_Urban, or the ratio of the newly urbanized area in 2019 compared with that in the base year, (d) Urban_to_Total, or the ratio of the newly urbanized area in 2019 compared with the total land area.


At the same time, there is an obvious mismatch between the cities presenting high urbanization level (a large urban area) in the initial year and those experienced high new urban growth over the years (high Urban_to_Total and/or Urban_to_Urban), which highlights regional difference in urbanization intensity among the seven natural-economic divisions. For example, of the top 10 largest cities (having the highest urban area in the base year), including Beijing, Shanghai, and Tianjin in the base year, six are located in the north China (Table 1), suggesting that north China was historically characterized by relatively higher urbanization scale. Conversely, among the top 10 cities that expanded the most in terms of the newly urbanized area in the past two decades, seven are located in east China, suggesting that east China has recently demonstrated the fastest urbanization. Rapid urbanization in south-west China was represented by two metro cities Chengdu and Chongqing, both of which were originally under the provincial level. In 1997, Chongqing was promoted to be one of the four cities directly under the central government of China; this municipality and several satellite cities were expanded rapidly ever since, placing it in the fourth in the most rapid growth list. The cities located in north-west China where the economy was less developed showed much smaller urban area in both the base year and the new expansion over the years.


TABLE 1 Top 10 cities in initial urban and new urbanization scale during 2001–2019.
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4.2. Spatial patterns in the changes of vegetation carbon sequestration

The newly expanded urban area has encroached on considerable vegetated areas, e.g., from croplands, forestry, or grasslands, and resulted in the loss of the vegetation cover. Both the indicators, i.e., static NPPdiff and dynamic NPPratio, reveal reduced vegetation carbon sequestration. Vegetation carbon uptake was much lower in the urban area compared with that in the non-urban vegetated area in all the cities, only about ~1/5 in urban areas as opposed to non-urban areas in the NPP flux indicated by NPPdiff (Figure 4a). Though several megacities such as Shanghai in the east China, and Beijing and Tianjin in the north China were among the largest cities in terms of the overall urban area (Figure 3a), the degrading impact from urbanization on vegetation carbon sequestration seems not as apparent as it was in other cities. This finding suggests that vegetation carbon sequestration in urban area could be a complicated ecological process, which is not solely associated with the loss of vegetation cover. For example, some cities in China have paid more attention to urban greenness restoration than others, and thus, urban greenness was better protected in urban areas through urban and community protection programs (Zhou et al., 2019a). On the contrary, degraded vegetation productivity could be significant due to lack of effective urban planning and vegetation management measures (Rimal et al., 2018). Furthermore, our study also reveals that the capacity of carbon sequestration was reduced in the newly urbanized areas in most cities, as reflected by NPPratio with an average value of 0.84, which highlights the difference of the NPP flux distribution in vegetated areas before and after urbanization (Figure 4b). However, the static indicator presented larger spatial variance than that of the dynamic indicator (0.16 vs. 0.12 in the standard deviation or std, respectively). Moreover, while the newly urbanized area in most cities showed decreased NPPratio, there were exceptions demonstrating even improved NPP in the south-west and north-west China (NPPratio > 1, Figure 4b), proving that vegetation in the newly urbanized areas was even better protected or recovered than that in the rural vegetated counterpart.
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FIGURE 4
 NPP flux changes during 2001–2019 for the municipal cities. (a) NPPdiff, the ratio of NPP density in urban area to that in non-urban vegetated area, and (b) NPPratio, the ratio of NPP density in the newly urbanized area to that before the urbanization. The statistics, including mean value, standard deviation (std), and 5 percentile points (minimum, median, maximum, 25 and 75% percentiles), are processed for each variable using all the cities (n = 353).




4.3. Temporal update in vegetation carbon sequestration

On average, the newly urbanized area of the examined cities expanded by 1.17% (±2.34%) relative to the total land area, as measured by the Urban_to_Total, during the study period. The cities expanded by 22.35% (±24.02%) indicated by Urban_to_Urban, meaning averagely the cities expanded more than one-fifth relative to the original urban area in the last two decades (Table 2). Urban growth and the impact from urbanization on vegetation carbon capture could vary in different periods, considering the temporally varied socio-economic changes in the country (Guan et al., 2018). The result shows that the urbanization speed did not vary much between the two consecutive decades, i.e., 2001–2010 and 2010–2019, with each accounting for about half of the total, namely 0.62 ± 1.53 vs. 0.55 ± 1.03% in terms of Urban_to_Total, and 10.24 ± 13.33 vs. 10.31 ± 9.84% in Urban_to_Urban. The indicators of the NPP flux changes using NPPdiff and NPPratio for the full study period were 0.19 (±0.16) and 0.84 (±0.12), respectively, confirming that urbanization has reduced NPP by 16% (=1–0.84) and thus lowered vegetation carbon sequestration. Temporal discrepancy was found between the first and second decades in terms of the changes in vegetation carbon capture under the urbanization context. The indicator NPPdiff increased to 0.20 (±0.16) in the second decade, compared to 0.17 (±0.15) in the first. The NPP flux change indicated by NPPratio in the newly urbanized area showed a reduction by 8% (i.e., 1–0.92) in the second decade, as opposed to 14% (i.e., 1–0.86) in the first, possibly suggesting a lessened negative impact on vegetation carbon sequestration in the more recent years if compared to the earlier stage.


TABLE 2 Statistical result of urban growth and the impact from urbanization for different periods.
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The urban growths during the two divided phases, i.e., 2001–2010 and 2010–2019, are illustrated by the total newly urbanized area (Supplementary Figures 1A, C), and by Urban_to_Urban (Supplementary Figures 1B, D), respectively. The findings confirm that the urban growth of the cities differs considerably between the two phases. For example, in the first decade, i.e., 2001–2010, a much larger variation in terms of the newly urbanized area was found than that in the more recent decade from 2010 to 2019. The city has the largest newly urbanized area in the first decade, i.e., 730 km2, is Suzhou in east China (Supplementary Figure 1A), which more than doubled the largest newly urbanized area in the second phase, which is 341 km2 for Chongqing in south-west China (Supplementary Figure 1C). The urbanization process added maximally 85.76% of the more urban area on the initial in the first phase (Supplementary Figure 1B), while the maximum area 52.27% relative to the initial urban area was further urbanized in the recent decade (Supplementary Figure 1D). The higher variation of the newly urbanized area in the first phase highlights that the unbalanced urban growth was more prominent in the earlier years but tends to decrease along the years. The cities in east China experienced more newly urbanized areas in the first phase (Supplementary Figure 1B), and the cities in central China were more urbanized in the second (Supplementary Figure 1D).

The impact on vegetation carbon sequestration from urbanization during each of the two decades or phases is compared in Supplementary Figure 2. The static NPPdiff during the two phases looks identical, meaning that the ratio of NPP density in the urban area to that in the non-urban vegetated counterpart did not update much over time (Supplementary Figures 2A, C). The stability of NPPdiff may come from two factors. First, because the newly urbanized area takes only a small fractional portion compared to the initial total urban area (averagely <1% for each period, Table 2), the mean NPP flux in the urban area after urbanization is unlikely to have large difference to its initial NPP flux. Second, though the NPP flux in the newly urbanized area was reduced, the degrading intensity was limited (averagely 14 vs. 8% for the first and second decades, respectively, Table 2), resulting in only a rather limited magnitude of change in the mean NPP flux in the urban area from urbanization. However, the dynamic indicator, or NPPratio, in the two phases varied considerably. For example, during the first decade, i.e., 2001–2010, more cities in north-east and south-west China presented high NPPratio, while in the second phase more cities showed higher NPPratio in central China (Supplementary Figures 2B, D). The spatio-temporal maps of NPPratio during the two phases reveal that reduction in vegetation carbon uptake in the newly urbanized area not only varied spatially but also is likely to mitigate over the years.



4.4. Spatial clustering in the changes of vegetation carbon sequestration

The clustering patterns, in terms of the urbanization's impact on vegetation carbon sequestration, reveal how similarly or differently the vegetation carbon sequestration capacity can be affected due to urbanization among the cities in different the natural-economic divisions of the country (Figure 5). The global Moran's I indicates that NPPdiff and NPPratio of the cities during the full period and each of the two decades all show significant spatial aggregation (p < 0.01). However, the clustering patterns from the local Moran's I suggest such clustering patterns in the impact show spatial heterogeneity across the country. The local association analysis on NPPdiff highlights that most cities labeled as low–low (L-L) are found in south-west and north-east China, while the cities labeled as high–high (H-H) cluster in east China (Figures 5a, c, e). The cities labeled as L-L presented significantly lower NPP flux (low NPPdiff) compared with that in non-urban vegetated areas, and they were also spatially adjacent to other low NPP flux cities. The cities labeled as H-H indicate that they present higher NPPdiff, or less affected in terms of the NPP flux from urbanization and tend to cluster spatially. The clustering pattern illustrated by NPPratio reveals that the cities with the NPP flux significantly affected by urbanization in the newly urbanized area mainly cluster in south-west China (Figures 5b, d, f). The significant spatial clustering pattern of the cities in NPPdiff and NPPratio from the global and local Moran's I suggests that the impact on vegetation carbon sequestration from urbanization is likely to aggregate in space.
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FIGURE 5
 Spatial clustering patterns in the NPP impact from urbanization. (a, c, e) are the clustering of the urbanization impact on NPP (NPPdiff) in urban areas during 2001–2019, 2001–2010, and 2010–2019, respectively; (b, d, f) are the clustering of the urbanization impact on NPP in the newly urbanized area (NPPratio) during 2001–2019, 2001–2010, and 2010–2019, respectively. All global Moral's Is are statistically significant at p < 0.01 and all local clustering (H-H and L-L) and outlier (L-H and H-L) patterns are statistically significant at p < 0.01 where H-H, high value is surrounded by high values; L-L, low value surrounded by low values; H-L, high value is surrounded by low values; L-H, low value surrounded by high values.





5. Discussions


5.1. Indicators of changes in vegetation carbon sequestration

Vegetation in terrestrial ecosystems plays a vital role in sinking carbon from the atmosphere. The net amount of carbon removed by vegetation can be accurately measured by net ecological productivity (NEP), equivalent to net primary productivity (NPP) minus heterotrophic respiration (RH) from soil. Due to the difficulty in acquiring RH, NPP is often applied to measure carbon sequestration capacity from vegetation in ecosystems. Previous studies show that the total amount of RH is mainly proportional to NPP (Bond-lamberty et al., 2016; Sha et al., 2022), and thus, the change in NPP can reflect NEP. Satellite-based remote sensing imagery provides an efficient way to map urban expansion and NPP changes, facilitating the detection of the spatio-temporal variations of the impact on vegetation carbon sequestration from urbanization among cities over large areas (Hutyra et al., 2014; Churkina, 2016).

There have been extensive studies applying different methods trying to understand the impact from urbanization. The relationship between urbanization and vegetation carbon uptake was analyzed from an urban–rural gradient in NPP in relation to urban expansion and from time-series NPP changes along urban growth rate (Wei et al., 2021). Most studies focusing on the relationship apply directly NPP or vegetation index to indicate the impact from urbanization (de la Barrera and Henríquez, 2017; Zhang et al., 2020; Wei et al., 2021). However, the changes in NPP flux from urbanization are related not only to the direct impact from urbanization but also to temporal variations in climatic factors such as precipitation and temperature (Li et al., 2018). Favorable climate conditions promote vegetation to sequester more carbon and vice versa (Liu et al., 2015; Ferreira et al., 2018). The joint effect brings a challenge to assess the impact from urbanization on vegetation carbon sequestration. The impact from temporal climatic variations must be isolated from the NPP flux changes, considering that both the climate and urbanization intensity were likely to jointly contribute to urban vegetation degradation (Liu et al., 2015).

This study modeled the indicators, namely NPPdiff and NPPratio, to measure the impact on vegetation carbon sequestration from urbanization only. In this modeling, the non-urban vegetated areas with vegetation cover experienced no or little impact from urbanization are selected as the reference area. Both indicators are designed to be able to largely exclude the impact from temporal climatic variations. Thus, the indicators provide an improved measure of the direct impact from urbanization. The relationship between urbanization intensity and its impact on vegetation presents different patterns in core urban, suburban, and rural areas (Wei et al., 2021). The previous study that analyzed the changes in vegetation cover in urban core and peripheral areas for 50 cities in south China found that the disturbance in vegetation became less obvious as the distance from the urban core areas increased (Zhang et al., 2020). NPPdiff computes the ratio of NPP flux in the urban area to that in the non-urban vegetated area and reveals the impact from urbanization on the NPP flux in the total urban area. NPPratio compares the difference in the ratios of NPP flux in newly urbanized areas to non-urban vegetated areas at the two temporal snapshots before and after the urbanization and indicates the relative change in NPP flux during a study period. For both indicators, the reference area, or the non-urban vegetated area that experiences no changes in vegetation types over a study period, serves as a baseline for computing the NPP flux changes in the target area which corresponds to the urban area for NPPdiff and the newly urbanized area for NPPratio respectively. The NPP flux in both the target area and the reference area are assumed to be updated simultaneously in response to climate variations. To quantify the impact from urbanization while suppressing that from other factors, the non-urban vegetated areas having vegetation type transformation were excluded from the reference area (see the patch labeled as D, refer to Figure 2). A good case is afforestation which can significantly increase NPP in rural areas (Déurger and Yang, 2006; Kou and Jiao, 2022). Including afforested areas in the reference during the study period may result in under estimate of the negative impact on vegetation from urbanization. The combination of the proposed indicators provides a comprehensive view of the impact of urbanization on vegetation productivity for core urban area and the newly urbanized area.



5.2. Diversified impact from urbanization on vegetation carbon sequestration

Urbanization converts vegetated land into impervious areas, which inevitably reduces vegetation productivity (Liu et al., 2015). The rapid urban expansion in the past decade has reduced global terrestrial NPP by 22.4 TgC (1012gC) every year (Liu et al., 2019), particularly degraded urban greenness level reported in some developing countries like China (Hong and Jin, 2021). The current study confirms a negative impact on vegetation productivity from urbanization. Vegetation carbon sequestration flux in urban areas is significantly lower than that in vegetated cover in rural areas (NPPdiff ≤ 0.2). Most cities witnessed reduction of vegetation carbon sequestration in the newly urbanized area (NPPratio <1). Though there is no doubt that rapid urbanization has induced a negative impact on vegetation carbon sequestration, regional or a larger scale evaluation of the impact for cities under different environmental and socio-economic contexts is rarely conducted.

Due to the complex factors involved in driving the changes in vegetation growth, it is difficult to model the forces on vegetation productivity over a large space (Wei et al., 2021). The impact on vegetation from urbanization may be driven by multiple factors, including urban environmental changes, reshaped vegetation landscape and vegetation management changes. The typical urban environmental changes include increased temperature, or known as island heat effect, increased CO2 concentration, known as CO2 fertilizer effect, and nitrogen deposition and lower ozone content compared with rural areas (Wang et al., 2019; Yang et al., 2020). Daytime air temperatures increase and atmospheric CO2 concentration may increase in urban relative to rural area contributed more than a 10% increase of the above-ground biomass in urban areas (Ziska et al., 2004). Furthermore, improved vegetation productivity in urban area compared with countryside was related to increased cumulative concentrations of ground-level ozone in rural area (Gregg et al., 2003). The changes in the urban environment promoted vegetation across 32 typical urban areas in China and could offset as much as 40% of direct loss of productivity from the loss of vegetation cover (Zhao et al., 2016). In addition, one important factor that always goes along with an urbanization process is an active human interference by implementing urban vegetation management which can have a critical impact on vegetation growth. Understanding the impact from urban growth related to urban management is more desired because, unlike the climate factors, urban development policies are practically feasible to be adjusted. There are broadly three objectives that urban vegetation management can target for urban vegetation cover: proportion, density, and complexity (Threlfall et al., 2016; Table 3). In terms of urban vegetation management, it is not uncommon to see artificially planted trees to restore vegetation cover, e.g., by turning previously barren or discarded lands into human-made parks (Nesbitt et al., 2019). Another example of urban vegetation management is urban forestry which is an enhanced care of trees in urban settings for the purpose of improving the urban environment (Pei et al., 2019). The reshape of vegetation landscape patterns affects vegetation cover complexity and urban vegetation growth (Yang et al., 2008). Facing the concerns from rapid urbanization, many cities in China have placed major emphasis on urban vegetation management to guarantee the quantity of green space, such as total area of urban vegetation, total canopy cover, and per capita vegetation cover (Yang et al., 2008). The carbon uptake from vegetation can be promoted from improved vegetation landscape patterns and thus urban landscape design is a key component in urban planning (Wei et al., 2021). The impact from urbanization may vary among cities, depending on urban management and urban natural environments.


TABLE 3 Typical strategies of urban vegetation management to improve vegetation carbon sequestration.
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Obtaining the full stack of datasets satisfying the combined analysis is rather difficult. The current study was able to apply the land cover and NPP datasets to explore urban growth and evaluate the impact of urbanization on vegetation carbon sequestration in all big cities across China. In the analytical framework, we conceptually divided a city into three parts, namely the initial urban area, newly urbanized area, and rural vegetated area without vegetation types unchanged (Figure 2). Such a method facilitated the computation of the indicators Urban-to-Urban and Urban-to-Total to map urban growth speed, and NPPdiff and NPPratio to measure the impact on vegetation carbon sequestration individually for cities under the common protocol. Urban growth (Urban-to-Urban) increased NPPdiff but decreased NPPratio, as reflected by the linear regression and Pearson correlation analysis between the variables (Table 4). Urbanization caused a significant decrease in NPP in the newly urbanized area, as indicated by the negative slope and negative correlation between NPPratio and Urban-to-Urban. The positive slope and correlation between NPPdiff and Urban-to-Urban suggest that NPP in the newly urbanized area was less negatively affected compared with that in the traditional urban area and thus contributed to the increasing NPPdiff.


TABLE 4 Linear regression and correlation analysis between the NPP flux changes (NPPratio and NPPdiff) and urban growth (Urban-to-Urban).
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While the overall pattern that urbanization reduces vegetation productivity holds, spatial and temporal variations in the pattern were often observed (Churkina, 2016; de la Barrera and Henríquez, 2017; Yang et al., 2017). The study in Xiamen, a megacity in south-eastern China projected that intensification of urbanization in the future would potentially decrease vegetation carbon with expanded urban and reduced suburbs and exurb areas (Ren et al., 2011). Conversely, urbanization may even favor vegetation carbon sequestration (Du et al., 2019). The underlying reasons could be due to enhanced vegetation management or favorable urban environments. The current study explored the spatially varied impact on urban vegetation from urbanization for the major cities spread across the country. It was found that the impact on vegetation carbon capture from urbanization presented strong spatial diversity and clustering patterns. While most cities were observed to have reduced vegetation cover, there were exceptions demonstrating even improved NPP in south-west and north-west China, which may be explained by the poor natural conditions resulting in relatively low vegetation productivity and improved results because of better vegetation management in urban areas (Figure 4b). This disparity may provide useful clues to further investigate the differentiated urbanization pathways among the cities and enables city planners to design urban policies by learning experiences from other cities.




6. Conclusion

Urbanization process can transform vegetation cover into an impervious surface. The impact on vegetation carbon uptake from urbanization may be multi-fold and is likely to show location-dependent. NPP serves as a proxy for measuring the capacity of vegetation carbon sequestration and can be derived from remotely sensed imagery over a large area. This study has selected prefecture-level cities in China and conducted a comparative study at a national scale to unveil the differed impact on vegetation carbon sequestration from urbanization. An analytical framework was outlined to analyze the changes in vegetation carbon sequestration in core urban area and newly urbanized area through two proposed indicators, including NPPdiff and NPPratio. The findings are summarized as follows

• Compared to the initial urban area in the start year in 2001, the urban area expanded by 22.35% during the two decades, suggesting a rapid urbanization process. The large spatial variation in urban growth rate shows considerable imbalance in urban development across the country. Urbanization was historically intensive in north China but shifted to east China during the period.

• Rapid urbanization reduced vegetation productivity but imposed location-varied impacts on vegetation carbon sequestration. The vegetation carbon uptake flux in the historical urban areas was <20% compared with that in the reference or the non-urban vegetated areas; conversely, the carbon uptake flux was reduced by 16% only in the newly urbanized area. The national scale analysis on the changes in urban vegetation productivity showed overall degradation in the newly urbanized area but with location-dependent intensity and exceptions showing even improved uptake, particularly for cities in south-west and north-east China.

• The temporal dynamics for the two consecutive decades, i.e., 2001–2010 and 2010–2019, suggest that the impact on the NPP flux from urbanization varied in the two time windows. Vegetation carbon sequestration in the first decade was reduced by 14% while the second 8% only, suggesting a lessened negative impact from urbanization over time, possibly due to strengthened vegetation management in the more recent years.

• There were significant clustering patterns in cities showing NPP reduction in both historical urban areas and newly urbanized areas, possibly due to the similarity in both the natural conditions and adopted urban management policies for spatially adjacent cities.

We conclude that urban management unique to cities could be one of the forces driving the differences in vegetation carbon uptake in urban areas. From a city management point of view, urban planners may consider the impact on vegetation from urban growth when making urban development policies and learn good practices from other cities, particularly vegetation protection programs effective in promoting carbon sequestration.
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