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Land use and land cover (LULC) change is a pattern of alteration of the Earth’s land surface cover by human society and have a significant impact on the terrestrial carbon cycle. Optimizing the distribution of LULC is critical for the redistribution of land resources, the management of carbon storage in terrestrial ecosystems, and global climate change. We integrated the patch-generating land use simulation (PLUS) model and integrated valuation of ecosystem services and trade-offs (InVEST) model to simulate and assess future LULC and ecosystem carbon storage in the Nanjing metropolitan circle in 2030 under four scenarios: natural development (ND), economic development (ED), ecological protection (EP), and collaborative development (CD). The results showed that (1) LULC and carbon storage distribution were spatially heterogenous in the Nanjing metropolitan circle for the different scenarios, with elevation, nighttime lights, and population being the main driving factors of LULC changes; (2) the Nanjing metropolitan circle will experience a carbon increase of 0.50 Tg by 2030 under the EP scenario and losses of 1.74, 3.56, and 0.48 Tg under the ND, ED, and CD scenarios, respectively; and (3) the CD scenario is the most suitable for the development of the Nanjing metropolitan circle because it balances ED and EP. Overall, this study reveals the effects of different development scenarios on LULC and ecosystem carbon storage, and can provide a reference for policymakers and stakeholders to determine the development patterns of metropolitan areas under a dual carbon target orientation.
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1. Introduction

Human society interacts with the natural environment through land use and land cover (LULC) change (Sleeter et al., 2017; Homer et al., 2020; Yee et al., 2021; Zhai et al., 2021; Lal et al., 2022). Scientific planning for LULC is essential for the achievement of global sustainable development goals, as it has a significant impact on global climate change, food security, biodiversity conservation, and carbon sources and sinks (Lambin and Meyfroidt, 2011; Arneth et al., 2014; Popp et al., 2014; Powers and Jetz, 2019). LULC and its dynamics are key scientific issues in the study of human carbon emissions in the current dual-carbon context (Tang et al., 2021; Bukoski et al., 2022; Wang et al., 2022) and global climate change (Winkler et al., 2021; Meyfroidt et al., 2022; Tian et al., 2022b). Indeed, global climate change is already an indisputable fact (Wilfried, 2007; Gauthier et al., 2014; Lawal et al., 2019; Tian and Fu, 2020) and atmospheric concentrations of greenhouse gases (GHG; e.g., CO2 and CH4) directly influence the global average temperature (Solomon et al., 2009; Cramer et al., 2018; Tian et al., 2022a). Some research suggests that in order to prevent warming by more than 1.5°C, GHG emissions need to be reduced by 7.6% per year from 2019 to 2030 (Huppmann et al., 2018; Rogelj et al., 2018; United Nations Environment Programme, 2019). This will require joint efforts from governments worldwide. Over the past few decades, most of the world’s major cities have expanded, with more than 50% of the population already living in cities, and by 2050, the urban population is expected to reach 66% (Ayanlade, 2016). However, as urbanization continues to accelerate, the driving force of economic development (ED) has gradually shifted from agriculture to industry and services and the increasing level of urbanization has led to dramatic changes in LULC, which significantly impacts terrestrial ecosystem functions and directly affects the carbon storage of terrestrial ecosystems (Feddema et al., 2005; Newbold et al., 2015; Li et al., 2019). Carbon storage in terrestrial ecosystems is widely recognized as an indicator of ecosystem services and plays a key role in the global carbon cycle (Lu et al., 2013; Wang et al., 2022). Reducing carbon emissions from land use and sequestering CO2 from the atmosphere into terrestrial ecosystems is one of the most economical and environmentally friendly ways to mitigate global climate change (Molotoks et al., 2018; Dybala et al., 2019). For example, increasing the area of forest ecosystems through afforestation could contribute to increasing carbon storage in terrestrial ecosystems (Tian et al., 2022b).

Previous studies indicated that LULC changes are affected by climate change and human activity (Sleeter et al., 2017; Homer et al., 2020; Lal et al., 2021; Yee et al., 2021; Zhai et al., 2021). In recent decades, the conflict between humans and land has intensified and human activities have significantly affected changes in LULC, causing problems for ecosystems, climate, and biodiversity (Foley et al., 2005; Thonfeld et al., 2020; Lee, 2021). Since the implementation of the reform and opening-up policy, the urbanization process in China has accelerated significantly (Li et al., 2018), with a dramatic increase in the urbanization rate from 17.92 to 59.58% (Zhu et al., 2020). Liu et al. (2020) mapped the global annual urban dynamics from 1985–2015 using Landsat data, and the results showed urbanization accelerated in developing countries (for example, China, India, Saudi Arabia and a few urban clusters in Africa) but decelerated in developed countries (for example, United States, Canada, Japan and European countries). For example, in the Shanghai area of China, the average growth rate of urban lands is 49.5 km2 yr.−1, By contrast, in the Chicago area, one of the most urbanized regions in the United States, the mean increase in urban area during 1985–2015 is 21.3 km2 yr.−1. Furthermore, many Chinese cities are exhibiting an accelerated pace of urbanization due to the dependence of financial revenues on real estate and land transactions (Huang et al., 2017). Rapid ED and intensive land development have decreased the carbon storage in terrestrial ecosystems and destroyed local ecological environments, which further contributes to climate warming (Zhu et al., 2021; Tian et al., 2022b). Therefore, there is a need for anthropogenic planning of LULC development patterns to coordinate ED and ecological conservation, which is essential for optimizing future regional urban planning and maintaining ecosystem carbon balance (Liao et al., 2022; Sun et al., 2022; Tian et al., 2022b).

In the process of urbanization, cities develop to a mature stage and will form urban agglomerations, which is a new geographical unit (Schoenberger and Walker, 2017). It is a spatially compact, economically connected, and ultimately highly co-located and integrated group of cities formed by a well-developed transportation and communication infrastructure network. The Nanjing metropolitan circle, the first inter-provincial metropolitan area planned and built in China, its goal is to form an economic zone with Nanjing as the center and to develop and strengthen the zone as a whole; that is, to take one city as the leader to drive the development of surrounding cities and towns. The Nanjing metropolitan circle plays an important role in the construction of the “One Belt and Road,” the integrated development of the Yangtze River Delta, the development of the Yangtze River Economic Belt, and other major strategies. With the continuous strengthening of policy guidance for the synergistic development of urban agglomerations, an optimal layout of urban agglomeration land use that reflects the national strategic intent and scientific, sustainable, and equitable development is urgently required. Therefore, integrated planning of the urban development pattern of the Nanjing metropolitan circle is necessary to optimize the future urban structure, protect local ecological environment, and maintain regional carbon balance.

Several models have been developed for land use simulation, such as the cellular automata (CA)-Markov model (Wu H. et al., 2019; Zhao et al., 2019), Logistic-CA-Markov model (Guan et al., 2019), Artificial Neural Network-CA model (Yang et al., 2016; Xu et al., 2019), Mixed-cell CA model (Liang et al., 2021a), CLUS-S model (Luo et al., 2010; Jiang et al., 2017), and FLUS model (Liu et al., 2017; Liang et al., 2018). Yet, in spite of some successful applications of the above models in land use simulation, the inability to effectively identify the factors affecting LULC and the inability to simulate land use units in a dynamic spatio-temporal manner, which clearly limits the application of LULC simulation under multi-factor-driven conditions (Wang et al., 2022). The patch-generating land use simulation (PLUS) model developed by Liang et al. (2021b) is a future land use simulation model used to improve the understanding of the driving factors of LULC change and has a higher simulation accuracy than other CA models. The model is capable of performing future land use change simulation by deciphering the deep relationships between sites and resolving land use change strategies, thereby improving land use simulation accuracy (Liang et al., 2021b). For example, Zhai et al. (2021) predicted the land distribution pattern in Wuhan, China, in 2029 using the PLUS model based on the spatiotemporal pattern of LULC changes during the urbanization process in the city from 2000 to 2019. Zhang et al. (2022) integrated the PLUS model with multiple linear regression and Markov chain models to predict the landscape patterns in the Fujian Delta region by 2050. Furthermore, studies have combined the PLUS model and integrated valuation of ecosystem services and trade-offs (InVEST) model to assess carbon storage changes in terrestrial ecosystems caused by changes in LULC (Wang et al., 2022; Tian et al., 2022b). Current urban land use layout optimization strategies can consider urban agglomerations as a whole or each city as an isolated individual. Denoting the regional synergistic development of urban agglomerations, establishing optimization objectives applicable to the urban agglomeration scale, and carrying out urban agglomeration land use layout optimization remains a major challenge in land use research. Therefore, it is important to explore the land use distribution patterns of future cities under different scenarios and their impacts on carbon storage to find the optimal solution for planning scenarios of metropolitan areas under the dual carbon target (i.e., carbon peaking and carbon neutrality) and to provide a leading and demonstration role for other metropolitan areas in China.

Here, we set four future development scenarios for the Nanjing metropolitan circle and integrated the PLUS and InVEST models to dynamically simulate land use distribution patterns under different scenarios and assess the changes in carbon storage due to changes in LULC. Specifically, we aimed to (1) simulate the spatial distribution of LULC in the Nanjing metropolitan circle for a temporal range of 2020–2030 using the PLUS model; (2) assess the dynamics of carbon storage under different development scenarios; and (3) explore the optimal scenario of future urban development in the Nanjing metropolitan circle. Overall, this work is important for optimizing the land use development pattern of the Nanjing metropolitan circle, providing guidance to government departments and decision makers in urban planning, facilitating the formulation of reasonable policies, and for the rational use and synergistic development of land resources in urban agglomerations.



2. Materials and methods


2.1. Study area

The Nanjing metropolitan circle, an economic zone centered around Nanjing, in eastern China, covers a core area of the urban zone along the middle and lower reaches of the Yangtze River. It spans over the Jiangsu and Anhui provinces and is the first planned cross-provincial metropolitan circle in China. The Nanjing metropolitan circle ranges from 29°57’N–34°05’N and 117°09′ E–119°58′E and includes 33 municipal districts, 11 county-level cities, and 16 counties, with a total area of 66,000 km2 (Figure 1). The Nanjing metropolitan circle connects the north, south, east, and west of China, with a special geographical location and various city types. It is an important conduction area for the Yangtze River Delta to drive the development of the central and western regions and has an important position in the national Yangtze River Economic Belt development strategy. In 2021, the Nanjing metropolitan circle had a resident population of 3,582.47 million and a regional gross domestic product (GDP) of 4.6 trillion RMB. It contains 0.7% of the country’s land area and 2.5% of the resident population and generates 4.1% of China’s GDP (National Bureau of Statistics, 2021).
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FIGURE 1
 Location of Nanjing metropolitan circle with a digital elevation model (DEM).


The Nanjing metropolitan circle has a humid northern subtropical climate with four distinct seasons and abundant rainfall. The average annual rainfall days per year is 117, with an average annual precipitation and temperature of approximately 912 mm and 16.18°C, respectively. The topography of the Nanjing metropolitan circle is high in the south and low in the north and most cities in the region have flat terrain. The southern area has a high forest coverage rate with rich forestry resources. Moreover, the region has many river systems with large lakes and rivers, such as Hongze and Gaoyou Lakes and the Yangtze and Huai Rivers, and a large area of water and wetlands.



2.2. Data acquisition and preprocessing

The data used in this study include LULC data and its driving factors (i.e., socioeconomic data and natural environmental data), as shown in Table 1. Specifically, the LULC data for the Nanjing metropolitan circle for 2000, 2010, and 2020 were obtained from the GLOBELAND30 dataset produced by the National Geomatics Center of China. Based on the actual land use types in the study area, the LULC data (with a spatial resolution of 30 m) were reclassified into six categories: cropland, forest, grassland, water, artificial surface, and other (Figure 2). The socioeconomic data included population density, GDP, nighttime lights, government, residents, train station locations, and various levels of road vector data.



TABLE 1 Spatial driving factors of the land use change in this study.
[image: Table1]
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FIGURE 2
 Historic LULC data in (A) 2000, (B) 2010, and (C) 2020 for the Nanjing metropolitan circle.


The natural environment data included temperature, precipitation, soil type, digital elevation model (DEM), and slope data, with the slope data being obtained by DEM processing. All the above driving factor data has been processed to 30 m spatial resolution after a series of preprocessing steps as requirement of PLUS Model (Liang et al., 2021b). These preprocessing steps included projection transformation, Euclidean distance generation, resampling, and cropping. The temporal range of the data was kept as close as possible to that of the LULC data in 2020; however, owing to data acquisition limitations, data from similar years were used for some factors (Long et al., 2013).



2.3. Methods


2.3.1. Scenarios setting

Historical LULC change trends and Markov chain methods have been used to estimate future land use demand (Munsi et al., 2012; Nor et al., 2017; Li et al., 2021). Specifically, land use dynamics changes and land use conversion matrices were used to adjust the conversion probabilities in Markov chains to estimate land use demand for different scenarios. In order to effectively evaluate the potential effects of future LULC changes on regional carbon storage, four LULC change scenarios were developed for the Nanjing metropolitan circle from 2020 to 2030 (Wang et al., 2018; Zhai et al., 2021; Zhang and Gu, 2022): natural development (ND), ED, ecological protection (EP), and collaborative development (CD) scenario. The four scenarios were set as follows:


2.3.1.1. ND scenario

On the basis of the historical change trends of each land use type from 2000 to 2020, this scenario makes a linear prediction of land use patterns in the Nanjing metropolitan circle in 2030. This scenario implies that each land use type’s demand only evolves linearly in accordance with its historical evolutionary trajectory and is unaffected by other external causes (conversion probability matrix for the period 2000–2020), making it an ideal state land use development scenario.



2.3.1.2. ED scenario

As the core engine of ED in the Yangtze River Economic Belt, the Nanjing metropolitan circle is one of the most economically dynamic international urban agglomerations. The ED scenario simulates a land use structure that prioritizes ED, with the goal of maximizing economic benefits by availing all land use types. Under this scenario, the conversion probability of cropland, forest, grassland, and other land, except water, to artificial surfaces increases by 30% and the conversion probability of artificial surfaces to any other land type decreases by 40%. This scenario helps to scientifically grasp the risk of land use conflicts in the fast-growing Nanjing metropolitan circle, and reveals the potential menace of the “GDP-only” development model to social stability and environmental carrying capacity.



2.3.1.3. EP scenario

The dense population and rapidly developing economy in the Nanjing metropolitan circle have caused considerable real or potential harm to the local ecological environment. To promote further optimization and enhancement of the Nanjing metropolitan circle, it is necessary to place EP in a prominent position. The conversion of cropland, forest and grassland with ecological functions to Artificial surface was strictly controlled by referring to the Ecological restoration planning of land space in Anhui Province (2021–2035) and the Draft of master plan of land and space of Nanjing Municipality (2021–2035). The EP scenario ensures that land types providing ecological services, such as forests, grasslands, and water bodies, are conserved and prioritized for development by setting ecological priority development strategies. Under this scenario, the expansion of urban areas is restricted and water is not transferred to other land uses; therefore, the conversion probability of forests, grasslands, and artificial surfaces decreases by 35%, the conversion probability of cropland to forests and grasslands increases by 25 and 20%, respectively, and the conversion probability of grassland to forest increases by 15%. This scenario is an important reference for mitigating land-use conflicts, promoting the delineation of ecological red lines, establishing a nature reserves mainly as national parks, and implementing the national main function zone system.



2.3.1.4. CD scenario

ED and EP are not opposites and can promote each other and develop together. With according to the Territorial Spatial Planning of Anhui Province (2021–2035) (Draft for comments) and the Draft of master plan of land and space of Nanjing Municipality (2021–2035). The CD scenario takes into consideration high-quality ED while balancing good economic and ecological benefits of regional synergistic development. This scenario constructs a harmonious human-land relationship in the Nanjing metropolitan circle by harmonizing ED and EP. The transition probability of forest and grassland to artificial surfaces was reduced by 40%, the transition probability of cropland to artificial surfaces was reduced by 50%, the transition probability of cropland to other land was reduced by 20%, and the transition probability of other land to grassland and forest land increased by 50%. This scenario is important for coordinating economic and ecological benefits, promoting the development of the Nanjing metropolitan circle in harmonious economic and ecological conditions, and promoting high quality development of homeland space.




2.3.2. LULC simulation using PLUS model

The PLUS model was used to simulate the distribution pattern of LULC in Nanjing metropolitan circle in 2030 under different scenarios, which consists of two main components: (1) land expansion analysis strategy (LEAS) model for obtaining the development probabilities of various land use types; (2) CA model based on the multi-type random patch seeds (CARS) model for spatio-temporal dynamics simulation of land patches (Liang et al., 2021b). The LEAS module first extracts the fraction of expansion of each land type between the two periods of LULC change and samples it together with the responding driving factors, and uses the random forest (RF) algorithm to obtain the contribution of the driving factors and the development potential of each land category. Subsequently, the CARS model incorporates stochastic seeding and a threshold decreasing mechanism for land use simulation under the constraint of development probability. Previous studies confirmed that the PLUS model can mine the potential linkages between various driving factors and geographic units to develop future land use change patterns with higher accuracy and more realistic landscape patterns (Zhai et al., 2021; Wang et al., 2022; Tian et al., 2022b).

In this study, 18 driving factors (Figure 3) were collected to facilitate LULC simulations, as described in Section 2.2. First, the 2020 LULC data were simulated based on the 2000 and 2010 LULC data (Figure 2) to assess the model accuracy. Moreover, the PLUS model based on the RF algorithm was used to assess the contribution of each driving factor to future land use patterns, which aids in understanding the effect of the driving factors on future land use changes.

[image: Figure 3]

FIGURE 3
 The 18 driving factors affecting LULC. Note: The legend of soil type represents, 1: yellow-brown soils; 2: yellow-cinnamon soils; 3: limestone soils; 4: chisley soils; 5: fluvo-aquic soils; 6: paddy soils; 7: red earths; 8: yellow earths; 9: water; and 10: others.




2.3.3. InVEST model for carbon storage estimation

The InVEST model estimates terrestrial ecosystem carbon storage by the carbon density of each land use type and the corresponding area (Sharp et al., 2020). We set the carbon densities of the LULC ecosystem using values from previous studies, as shown in Table 2 (Wang et al., 2011; Xu et al., 2014; Fang et al., 2021). Furthermore, the economic value of sequestering one ton of carbon is assumed to be 57.50 RMB (from the carbon market trading price in China on September 30, 2022), with the annual rate of change in carbon prices and the market discount rate of 0 and 3%, respectively (Babbar et al., 2021). Specifically, we combined the PLUS model with the InVEST model to explore the effects of land use change on the carbon storage of the Nanjing metropolitan circle from 2020 to 2030 under the different scenarios. The general research framework included (1) simulation of LULC data based on the PLUS model and (2) assessment of ecosystem carbon storage changes due to LULC changes using the InVEST model (Figure 4).



TABLE 2 Carbon density for each LULC (kg/m2).
[image: Table2]
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FIGURE 4
 Research framework.






3. Results


3.1. Contribution of the driving factors for land use change

The contributions of the driving factors for each land use type based on the RF algorithm, as illustrated in Figure 5. It should be noted that the contribution of the driving factor of the water body is not given in Figure 5 due to the small area of change in the water, which was mainly affected by a single driving factor, which is the distance to the water (96.73%). The main driving factors for the change in cropland were nighttime light (12.90%), distance to water (12.39%), and temperature (10.30%). Nighttime lights are indicators of urban development and can represent the rate of urban expansion. The loss of cropland was mainly due to urban expansion and agricultural restructuring. The main driving factors affecting forests were elevation (13.68%), population (13.09%), and nighttime lights (9.73%). Specifically, forests are mainly distributed in the higher elevation areas in the southern part of the study area (Figures 1, 3) and elevation may have affected the interconversion of forest to non-forest land use types. Elevation (17.48%) is the main driving factor for grassland changes. Distance from water (16.50%), nighttime lights (14.72%), and elevation (12.70%) were the main driving factors for artificial surface expansion. The water area generally does not convert to other land use types and urban expansion tends to avoid water areas. Elevation (12.70%) was also the primary driving factor for other land use types. In conclusion, the main driving factors of LULC change in the Nanjing metropolitan circle are elevation, nighttime lights, and population.

[image: Figure 5]

FIGURE 5
 Contributions of driving factors.




3.2. Simulation of LULC spatiotemporal distribution

Overall accuracy (OA) and Kappa coefficients were used to evaluate the accuracy of the PLUS model. The comparison of the simulated 2020 LULC data with the actual 2020 LULC data shows that the OA and Kappa coefficient are 91.8% and 0.85, respectively, which indicates that the PLUS model simulates land use data with high accuracy and can be reliably applied to simulate LULC.

Subsequently, the 2030 LULC data for the Nanjing metropolitan circle under four development scenarios were successfully simulated using the PLUS model (Figure 6), and its statistics are shown in Table 3. Furthermore, Figure 7 illustrates the different land use type conversions for the period of 2020–2030 under the different scenarios. Specifically, under the ND scenario, the land use pattern in 2030 for the Nanjing metropolitan circle was similar to that of the historical (i.e., 2010–2020 land use change trend, which was consistent with our expectations). The artificial surface maintained relatively high growth, with an increase of 1597.40 km2, which was achieved by encroaching on cropland, forest land, and grassland. Under the ED scenario, the artificial surface area expanded sharply, reaching 11,554.77 km2, which is an increase of 3,400.07 km2 (41.69%) compared to 2020. The urban expansion pattern emerged in the form of Nanjing as the center, with neighboring cities expanding in all directions (Figure 6B). As forests and grasslands were not effectively protected under this scenario, the area of cropland significantly decreased, and water and other land areas saw varying degrees of decrease. Overall, the ED scenario demonstrated a future land-use development pattern with economic primacy and unrestricted urban expansion.

[image: Figure 6]

FIGURE 6
 Simulation results of LULC in 2030 under four scenarios: (A) ND; (B) ED; (C) EP; and (D) CD.




TABLE 3 LULC area for four scenarios (km2).
[image: Table3]
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FIGURE 7
 Land use type conversions from 2020–2030 under four scenarios: (A) ND; (B) ED; (C) EP; and (D) CD.


Under the EP scenario, the area of artificial surface increases only 265.93 km2 by 2030. Forest land and grassland were effectively protected, with an increase in area of 861.27 km2 and 13.42 km2, respectively. The area of water remained virtually unchanged and other land areas showed a slight increase. The land use pattern under the CD scenario was more balanced than those under the other three scenarios because this scenario integrates the consideration of EP and ED, which is reflected in the land use change pattern that the artificial surface is maintained with a certain increase, while the forest and grassland are effectively protected. This scenario is of great significance to the Nanjing metropolitan circle for implementing EP, high-speed ED policies, optimizing urban functions and spatial structure, and empowering high-quality and sustainable urban development.



3.3. Spatiotemporal patterns of carbon storage

The distribution of carbon storage in the Nanjing metropolitan circle in 2030 under different scenarios is illustrated in Figure 8, and the carbon storage under different scenarios is significantly different (Figure 9; Table 4). Under the ND scenario, the carbon storage of other land slightly increased in 2030 (0.04 Tg); however, the other land use types showed varying degrees of decrease in carbon storage: cropland, forest land, and grassland decreased by 1.42, 0.34, and 0.02 Tg, respectively, resulting in a net total decrease in carbon storage of 1.74 Tg. This implies that if the Nanjing metropolitan circle is developed according to the ND scenario, the carbon storage of vegetation will continue to decrease, which is not beneficial for stabilizing the carbon balance.

[image: Figure 8]

FIGURE 8
 Carbon storage distribution in 2030 under four scenarios: (A) ND; (B) ED; (C) EP; and (D) CD.


[image: Figure 9]

FIGURE 9
 Sequestered carbon content of different land uses over 2020–2030 under four scenarios.




TABLE 4 Carbon storage dynamic changes of LULC under four scenarios in Nanjing metropolitan circle over 2020–2030 (Unit: Tg).
[image: Table4]

The ED scenario resulted in a significant decrease in total carbon storage of 3.56 Tg by 2030, with the carbon storage of cropland, forest land, and grassland decreasing by 2.89, 1.57, and 0.03 Tg, respectively. Under this scenario, the Nanjing metropolitan circle showed a spatial distribution pattern of decreasing carbon storage over a wide range (Figure 8B). Evidently, the ED scenario critically affected the carbon balance of the Nanjing metropolitan circle. Under the EP scenario, the ecological condition of the Nanjing metropolitan circle has improved significantly and the total carbon storage increased by 0.50 Tg. By 2030, forest land, grassland, and other land carbon storage increased by 1.74, 0.01, and 0.03 Tg, respectively, while that of cropland decreased by 1.16 Tg. As can be seen, the increased carbon storage mainly came from forest land, which offset the decrease in that of cropland and contributes to carbon sequestration in ecosystems.

The CD scenario strikes a balance between ED and EP by preserving the local ecosystem as much as possible while ensuring a certain level of ED. Under the CD scenario, the carbon storage of forest land and other land increased by 0.51 and 0.01 Tg, respectively, that of cropland decreased by 1.00 Tg, while that of grassland remained stable. Although the total carbon storage in the Nanjing metropolitan circle decreased by 0.48 Tg under the CD scenario, the trend of decreasing carbon storage under the CD scenario was effectively mitigated compared to that of the ND and ED scenarios. According to this scenario, the Nanjing metropolitan circle is expected to have a positive increase in total carbon storage by 2040. This indicates that the trend of decreasing carbon storage in the Nanjing metropolitan circle could be reversed through integrated and coordinated development.

Figure 10 illustrates the economic value of carbon sequestration in terrestrial ecosystems under different scenarios, with positive values representing carbon sequestration and negative values representing carbon loss. In this study, we assumed that the future carbon sequestration and current carbon sequestration values were the same and the discount rate of carbon sequestration and social value were constant (i.e., 3%). The economic values of carbon loss of Nanjing metropolitan circle in 2020–2030 under ND and ED scenarios were 96.83 million and 201.38 million RMB, respectively. Under the EP scenario, the carbon sequestration economy of the Nanjing metropolitan circle will be positive in 2020–2030, with a value of 32.03 million RMB. Under the CD scenario, the economic value of carbon loss in the Nanjing metropolitan circle in 2020–2030 was 24.59 million. Although the sequestration economy was still negative compared with the EP model, the economic value of carbon loss was significantly lower than those under the ND and ED scenarios. Overall, this ecosystem carbon sequestration function, expressed as a monetary value, can effectively demonstrate the value of ecosystem services and convey it to policymakers (Babbar et al., 2021).

[image: Figure 10]

FIGURE 10
 Net present value (unit RMB) of Nanjing metropolitan circle in 2020–2030 under four scenarios: (A) ND; (B) ED; (C) EP; and (D) CD.





4. Discussion


4.1. Impact of LULC on carbon storage

We evaluated the impacts of four future development scenarios on LULC and carbon storage in the Nanjing metropolitan circle. Significant spatial heterogeneity was observed in the distribution of LULC changes and carbon storage in 2020–2030 under the four scenarios. The effects of different drivers on LULC were reflected in the impact of LULC on carbon storage changes.

Forest land had the highest carbon density in this study, followed by cropland and grassland (Table 2), which implies that forest land, cropland, and grassland accumulated more carbon storage than other land use types (Li et al., 2020). The area of cropland decreased under all scenarios, but by different degrees; in contrast, the artificial surface showed the opposite result, instead of increasing under all scenarios (Table 3). The change in the cropland area was driven more by nighttime lights, whereas the expansion of the artificial surface was mainly affected by the distance to water, nighttime lights, and elevation (Figure 5). Nighttime lights are indicators of urban development and can represent the rate of urban expansion (Liu et al., 2012; Ma et al., 2012; Zhang and Su, 2016). Previous studies have shown that nighttime lights are positively correlated with regional GDP and population (Shi et al., 2014; Bennett and Smith, 2017; Lan et al., 2020). Increased GDP and population growth require larger urban areas (capacity), while urban expansion usually occurs through encroachment on natural land and cropland, which results in a vicious circle. Similar results were reported in other studies. He et al. (2016) and Jiang et al. (2017) also reported great carbon storage losses, and the occupation of natural land and farmland is the main reason for the losses of carbon storage in the Beijing and Changsha-Zhuzhou-Xiangtan urban agglomerations. Moreover, another study on the loss and loss rate of carbon storage in the Yangtze River Delta urban agglomeration from 1990 to 2015 also showed that the reduction of natural land and arable land surrounding the urban area was the main reason for the loss of carbon storage (Gao and Wang, 2019). In addition, topographical factors influence the difficulty and cost of urban construction, which also determine urban expansion. Generally, cities are established in areas with flat topography, fertile soil, and easy access to agriculture, which facilitates transportation links and saves on building investments, thus urban expansion avoids large topographic undulations (e.g., mountains; Zhai et al., 2021). The general pattern of urban development determines that the expanded artificial surface is mainly distributed in flat areas with relatively low topographic relief (Figure 6). Under the ED scenario, carbon storage in terrestrial ecosystems decreases by 35.07 Mg, which is due to the increase in artificial surface. Urban expansion, which provides more jobs and rapidly increases GDP, seems profitable, but will reduce carbon storage in regional ecosystems in the long term (Weisberg et al., 2007; Eigenbrod et al., 2011).

The expansion of forest land differed between the development scenarios, with a decrease in forest land area under the ND and ED scenarios and an increase in area under the EP and CD scenarios. Correspondingly, different forest land area changes resulted in different carbon storage patterns. Specifically, under the ND and ED scenarios, 222.52 and 313.56 km2 of forest land are projected to be converted to other types of land by 2030, decreasing the forest ecosystem carbon storage by 2.47 and 5.95 Mg, respectively. Under the EP scenario, 655.53 km2 of cropland is expected to be converted to forest land by 2030, increasing carbon storage by 6.24 Mg. This was confirmed by the study of Zhang et al. (2010) that the ecological engineering of grain to feed conversion can significantly increase the carbon sink of soil ecosystems in China. In addition, 222.65 km2 of grassland will be converted to forest land, increasing carbon storage by 2.62 Mg. Overall, the conversion from other land use types to forest land contributes 8.86 Mg of carbon storage under the EP scenario. The CD scenario is similar to the EP scenario, with a projected increase in forest land area of 285.74 km2 by 2030 and increase in carbon storage of 2.72 Mg. Balancing urban expansion and ecological conservation can maintain woodland and grassland areas, slow urban sprawl (Yang et al., 2020), and contribute to the growth of carbon storage in forest ecosystems (Zhao et al., 2019).

In the study area, forests were mainly distributed at higher elevations of the mountains. Zhang and Xie (2019) believe that population expansion not only requires forests to provide more forestry products, but people also need to enjoy the value of ecological services provided by forests, which may explain the impact of population expansion on forests. Moreover, previous studies have shown that the growth of forest land area benefits from lower economic growth rates and more stable climatic conditions (Angelsen and Kaimowitz, 1999; Noss, 2001; Tian et al., 2022b) and that and that areas with higher ecological quality are more suitable for forest growth (Weisberg et al., 2007). Forest ecosystems tend to be more influenced by various factors, and have the greatest impact on carbon storage in terrestrial ecosystems. Therefore, protection of forests from destruction and increasing the area of forested land through measures such as natural restoration and artificial afforestation would help increase the carbon sink capacity of forest ecosystems and increase the carbon storage of the entire terrestrial ecosystem (Tian et al., 2022b).



4.2. Suggestions for future development

Urban development patterns are particularly important in the context of increased climate and socioeconomic uncertainty in the future, especially for urban agglomerations such as the Nanjing metropolitan circle, which are nationally planned and built at the inter-provincial level. If urban expansion is carried out according to the ND or ED scenarios, the artificial surface area of the Nanjing metropolitan circle will continue to increase and natural vegetation land use types, such as forest land, will continue to degrade, leading to an increasingly fragile ecological environment. Carbon storage in terrestrial ecosystems will also be significantly reduced in recent decades. If urban expansion is carried out according to the EP scenario, there will be an increase in the forest and grassland area of the Nanjing metropolitan circle will increase, artificial surface area, and carbon storage of terrestrial ecosystems. However, this scenario ignores the demonstration role of the Nanjing metropolitan circle as the leading city in the ED of the Yangtze Delta region of China, which is not conducive to the realization of future ED of the Nanjing metropolitan circle and the national development strategy.

The CD scenario balances the ED and EP of the Nanjing metropolitan circle and maintains a balance of local carbon storage with stable economic growth. Although the terrestrial ecosystem carbon storage will decrease by 0.48 Tg by 2030 under this scenario, the carbon storage reduction of the scenario will decrease significantly and the terrestrial ecosystem carbon storage under the scenario will be positive by 2040. Therefore, reasonable planning of the future urban structure, optimization of land use types, and an increase in carbon storage are particularly important for the future urban development of the Nanjing metropolitan circle. The results of this study show that rapid economic growth will lead to a continuous decrease in carbon storage and a gradual deterioration of the ecological environment. Therefore, slowing the rate of economic growth and promoting ED from “high speed” to “high quality” could improve the carbon storage and ecosystem service value of the study area (Wang et al., 2022). Limiting the disorderly expansion of urban boundaries and constructing ecological red lines can help stabilize the structure of local ecosystems and improve EP (Wu Y. et al., 2019). Moreover, in order to mitigate the effects of climate change, it is necessary to further increase the proportion of clean energy use in the energy structure and reduce the use of fossil fuels (Tian et al., 2022b). More importantly, protecting forests from destruction and increasing the area of forest land can contribute to increasing carbon storage in terrestrial ecosystems (Cao et al., 2009; Xiao, 2014).



4.3. Strengths and uncertainties

In this work, we developed a novel approach for spatial simulation and carbon storage assessment of future LULC based on four set future development scenarios of the Nanjing metropolitan circle and land use demand combining the PLUS and InVEST models (Figure 2). We determined the most suitable future urban development scenario for the Nanjing metropolitan circle to be the CD scenario and simulated a reasonable spatial distribution of LULC and carbon storage. This framework provides relatively accurate spatial and temporal simulations of LULC and carbon storage, and is useful for assessing the distribution of LULC and the impact on carbon storage under different scenarios, which is important for LULC management of urban agglomerations (Gao and Wang, 2019). Our study reveals the model for the dynamic evolution of factors controlling carbon storage in a key area of urban agglomerations, which provides support for decision-making on sustainable regional urbanization. China has three national urban agglomerations and several small urban agglomerations. The rapid growth of urban agglomerations affects carbon storage and threatens other multi-ecosystems, such as water yields, biodiversity conservation, and recreation opportunities (Nelson et al., 2009). Therefore, future research should focus on the following aspects: (1) Different regions have different geographic environments, development patterns, and cultural climates, etc. Scenarios should be set according to the individual characteristics of the regions. Therefore, it is necessary to explore the different driving mechanisms of urban agglomerations in other regions. (2) Besides carbon storage, other ecosystem services can also be assessed by the InVEST model (Nelson et al., 2010; Gao and Wang, 2019). PLUS model combined with InVEST model is meaningful and feasible for simulating LULC and carbon storage changes under different scenarios. Future studies should also examine the spatiotemporal variation of LULC and carbon storage in different regions.

However, the setting of different development scenarios needs to consider more factors, such as the urban planning layout and national forest park reserve planning (Liang et al., 2021b). In addition, the GDP, population, temperature, and precipitation data in this work were resampled to 30 m. This scale difference may cause some uncertainty in the results (Fang et al., 2022). Additionally, the limitations of the InVEST model remain a major challenge in current carbon storage estimations. The model assumes that the carbon storage of the LULC type does not change over time and is equal to the mean value of the carbon storage of the LULC type, which obviously simplifies the carbon cycle process. A second limitation is that the accuracy of the model in estimating carbon storage is dependent on the carbon density estimates for each LULC type. However, the acquisition of carbon density for each land use type is labor-intensive, and regional carbon density values usually cannot be applied to other regions (Sharp et al., 2020). For this purpose, carbon density data were collected for all land use types in the study area to the extent possible to minimize uncertainty in the assessment of carbon storage. Despite these limitations, our work revealed the spatial and temporal distribution patterns of possible future LULCs and the dynamics of carbon storage in the Nanjing metropolitan circle. Based on the results of this study, we explored an optimal future urban development scenario for the Nanjing metropolitan circle, which can aid the Nanjing metropolitan circle achieve a win-win situation for both ED and EP, formulate policies for sustainable socio-ED, and achieve a reasonable future urban LULC layout.




5. Conclusion

We analyzed and simulated the spatial and temporal changes in LULC and its caused ecosystem carbon storage in the Nanjing metropolitan circle under four scenarios for 2020–2030 using the PLUS and InVEST models. The driving factors of LULC changes and the spatial and temporal differences in carbon storage were discussed and the main conclusions were as follows. (1) integrating the PLUS and InVEST models can effectively simulate LULC changes and the resulting carbon storage changes under different development scenarios. (2) The dominant driving factors for LULC changes in the Nanjing metropolitan circle were elevation, nighttime lights, and population. (3) The Nanjing metropolitan circle agglomeration experienced a carbon storage increase of 0.50 Tg under the EP scenario and losses of 1.74, 3.56, and 0.48 Tg under the ND, ED, and CD scenarios from 2020–2030. (4) The conversion of cropland and forest land to artificial surface in Nanjing metropolitan circle is the main cause of carbon storage loss, and this reduced ecosystem carbon storage can be effectively offset by increasing forest ecosystem carbon storage. Overall, the CD scenario was the most appropriate for the future development of the Nanjing metropolitan circle as it balanced ED and EP. Increasing the area of forested land through afforestation can improve the carbon sink capacity of forest ecosystems and increase carbon storage in terrestrial ecosystems. The results provide new perspectives for future land resource reallocation and ED strategies on a regional scale and provide data to support the achievement of China’s carbon neutrality goals.
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