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Carbon storage in terrestrial ecosystems is crucial to advance carbon neutrality and support sustainable development. Extensive studies have explored the effect of land use change on carbon storage, especially urban expansion. As one of the world’s top urban agglomerations, the Pearl River Delta Urban Agglomeration (PRDUA) is facing a dramatic loss of carbon storage along with urbanization. Coordinating economic development and ecological protection and achieving low-carbon green development are urgently needed to alleviate the decline in urban carbon storage. Here, we quantified land use change in the historical period (2000, 2010, 2020) and in 2030 and then estimated carbon storage dynamics at different scales by combining the PLUS model and the InVEST model. We found that: (1) Construction land significantly increased simultaneously with considerable losses of farmland (2273.29 km2) and forestland (949.98 km2) from 2010–2020. In 2030, construction land will expand by 997.83 km2 (12.51%), 1419.97 km2 (17.79%), and 238.60 km2 (2.99%) under the natural growth (NG), urban expansion (UE), and low carbon development (LCD) scenarios, respectively. (2) Compared to 2020, carbon storage under the LCD will reach 6.51×108 Mg, with the lowest decline rate (0.35%). (3) At the city level, Shenzhen had the highest decline rate under various scenarios, followed by Zhuhai and Guangzhou. At the county scale, carbon storage followed the order NG > UE > LCD in 2000–2030. At the grid scale, carbon storage showed a declining trend from the central PRDUA region to marginal areas. Thus, comprehensive considering the multiscale effects of land use change on carbon storage was beneficial to formulate reasonable measures for specific areas. Differentiated development categories at different scales and low-carbon industrial upgrading should be implemented to maintain ecosystem services and achieve sustainable development.




Keywords: land use change, PLUS, carbon storage, scenario simulation, urban expansion




1 Introduction

Carbon dioxide has significantly contributed to global warming due to its increasing concentration in the atmosphere (Searchinger et al., 2018). Terrestrial ecosystems is vital to sequestering and storing carbon globally (Piao et al., 2009). Globally, terrestrial ecosystems have fixed 31% of anthropogenic carbon emissions over the past 10 years (Friedlingstein et al., 2019). Thus, land use change significantly affects carbon dioxide emissions and carbon storage (Foley et al., 2005). Cities, release over 70% of anthropogenic carbon emissions (Cai and Zhang, 2014; Sun et al., 2023). With accelerated urbanization, urban areas will further occupy farmland and natural land (Li et al., 2022a). Previous studies estimated that global urban areas increased from 36.2×104 km2 to 65.3×104 km2 from 1985 to 2015 (Liu et al., 2020). Additionally, the global urbanization rate will increase from 56% in 2021 to 68% in 2050, and newly increasing urban areas will mainly occur in Asia and Africa (Liu et al., 2020). Therefore, considering carbon storage in the fields of effective land use management and rational urban planning is vital for maintaining ecosystem services and promoting sustainable development (Chien and Krumins, 2022; Balaguer et al., 2023; Cao et al., 2023; Yang et al., 2023).

To achieve carbon neutrality and sustainable development, it is essential to conduct a fine assessment of carbon storage. There are several approaches to assess carbon storage, such as field investigation, remote sensing, and empirical statistical models(Houghton et al., 1999; Baccini et al., 2017; Hong et al., 2021). Field investigation is expensive and time-consuming for large-scale research. For example, Tang et al. (2018) set 1.4×104 fixed quadrates to estimate carbon pools in China. Although remote sensing technology promotes carbon science development, the assessment results are full of uncertainty due to factors such as inversion algorithms and water vapor. Based on biophysical processes, some advance models have been developed, such as the BIOME-BGC model. However, these models are weak in localization due to lots of input parameters. In contrast, land-use specific carbon emission coefficients and the Integrated Valuation of Ecosystem Services and Trade-offs (InVEST) model have been used to evaluate carbon emissions and carbon storage at various scales due to their direct, convincing, sustainable and affordable nature (Costanza et al., 2017; Gomes et al., 2021; Wang et al., 2021). Based on the InVEST model, numerous studies have estimated the carbon budget at global, regional, and city scales. For example, in the Yangtze River Delta, the amount of carbon storage decreased by 1.2×109 Mg in 1990–2015, and there tended to be continuous losses under different development modes (Gao and Wang, 2019). Other studies found that with ecologically and economically balanced development, carbon storage would reach 2.6×109 Mg in 2030 in the Beijing–Tianjin–Hebei Urban Agglomeration (Guo et al., 2022). Therefore, carbon storage dynamics were determined by development models and geographical conditions. Currently, most existing studies paid attention to single scale rather than multi scales, which lead to ignore multi scales effect. Further, appropriate strategies are difficult to achieve optimal benefits at different scales. Additionally, few studies have focused on the multiscale effect of different development scenarios on carbon storage and explored its implications for carbon neutrality (Liu et al., 2022b; Wu et al., 2023). Thus, in-depth understanding the multiscale effects of land use change on carbon storage is essential for policy-making, particularly the urban agglomerations.

Integrating land use change models and the InVEST model can achieve carbon storage management under currently policy or future possible scenario to guide regional high-quality development (Liu and Wu, 2022). Scenario simulation is fundamental to assess the impact of different development strategies on land use/carbon storage and seek the best development path. Land use change are complex and many efforts were paid to improve the land use change models. Generally, land use models can mainly be classified into Markov models, the CLUMondo model, and cellular automata-based models. Markov models have been widely applied but cannot realize spatial visualization. The CLUMondo model adopted logistic regression to establish the relationships between different land use types and their influencing factors (Van Asselen and Verburg, 2013). Cellular automata have the advantages of flexibility, simplicity, and spatialization. The patch-generating land use simulation (PLUS) model, which established based on cellular automata, is excellent in simulating multiple land use type spatial pattern changes by integrating natural and human-related driving forces using competition mechanisms among different land use types (Liang et al., 2021; Nie et al., 2023). The InVEST model can effectively evaluate carbon storage with fewer input parameters and high accuracy. Thus, we adopted the PLUS model and the InVEST model to estimate carbon storage dynamics under multiple scenarios.

Urban agglomerations are not only the engine of economic growth but also occupy substantial natural land, resulting in multiscale environmental impacts (Zhou et al., 2022). Ecosystem services decline at the urban agglomeration scale, with high heterogeneity in the region. The Pearl River Delta Urban Agglomeration (PRDUA) is the most developed region in China(Zhang et al., 2022). Given the roll out of many favorable plans, such as the Leading area for deepening reform and the Guangdong–Hong Kong–Macao Greater Bay Area Outline Development Plan, high-quality and sustainable development has become the future development path of the PRDUA (Li et al., 2019). Due to differences in geographical and resource endowments, the development level of the PRDUA varies among cities, which also determines the differences in the supply and demand relationship of ecosystem services between cities. Thus, it is meaningful to take the PRDUA as a case to quantify historical and future carbon storage changes across different scales under various scenarios and develop appropriate management strategies for urban ecosystems under different development scenarios. The findings about balance the conflict of maintain carbon storage and urban development paths can provide references for other similar urban agglomeration around the world.

Hence, we first quantified historical land use change and carbon storage in PRDUA. Then, we predicted future land use change in 2030 under multiple scenarios. Next, these land use maps were applied to simulate carbon storage change in 2030. The innovation of our study was multi scale impacts of future land use change under different scenarios on carbon storage in urban agglomeration. The specific aims of our study were to: (1) identify characteristics of historical and future land use change. (2) assess carbon storage change in 2030 under multiple scenarios at the city, county, and grid scales. (3) clarify carbon storage patterns by adopting spatial autocorrelation analysis. The results would be beneficial for policy-making related to ecosystem management and sustainable development in urban agglomerations.




2 Materials and methods



2.1 Study site

The PRDUA (111°20′–115°24′ E, 21°32′–24°26′ N) lies in southern China (Figure 1). It has a tropical and subtropical monsoon climate. The PRDUA is surrounded by mountains, with an alluvial plain located in the central part. It comprises nine cities and 45 counties (Supplementary Figure A1). Following the Chinese Criteria of Urban Classification (https://www.gov.cn), these cities can be classified into three categories: megacities (with permanent resident populations beyond 10 million), supercities (with permanent resident populations ranging from 5 to 10 million), and large cities (with permanent resident populations exceeding 3 million). In 2020, the population in the PRDUA reached 78 million, and the gross domestic product (GDP) was approximately 13 trillion yuan (China National Bureau of Statistics 2021). With increasing demand for construction land, the PRDUA has experienced significant losses of forestland and farmland, and ecosystem services have continuously decreased (Chen et al., 2021). The Chinese government announced the “Carbon Peak, Carbon Neutralization” strategy in 2019, and achievement of its goals is dependent on carbon emissions and carbon sinks. In the PRDUA, the amount of carbon emissions increased by 1.8×108 Mg during 2000–2016. Furthermore, PRDUA is the first Chinese cluster of national forest cities with abundant carbon storage (Li et al., 2022b). Additionally, ecological protection redlines, which aim to preserve the ecosystem’s functional security and structural stability, account for approximately one-third of the total area. Thus, exploring carbon storage in the PRDUA can promote high-quality economic development.




Figure 1 | Location and distribution of cities.






2.2 Data acquisition and collection

Historical land use data (2000, 2010, and 2020) were collected from the Chinese Academy of Sciences (http://www.resdc.cn/), including farmland, grassland, forestland, construction land, wetland, and unused land(Liu et al., 2010). The elevation data were acquired from the Geospatial Data Cloud (http://www.gscloud.cn/). Then, the slope was calculated using ArcGIS “surface analysis” tools. The precipitation and temperature data were obtained from the Resources and Environment Science Data Center of the Chinese Academy of Sciences (http://www.resdc.cn/). Different road levels were acquired from the National Earth System Science Data Center (https://www.Geodata.cn). Factors related to location variables, such as distance to rivers, were calculated using ArcGIS “Euclidean distance analysis” tools. The population density and GDP were acquired from the Resources and Environmental Scientific Data Center (RESDC) (http://www.resdc.cn/). The night light data were downloaded from the International Organization for Earth Observation (https://earthobservations.org/index.php), with a resolution of 1 km. Ecological protection redlines were collected from the Department of Ecology and Environment of Guangdong Province (http://gdee.gd.gov.cn/).




2.3 Method

This study integrated the PLUS and InVEST models to estimate historical and future carbon storage. Specifically, the PLUS model was validated and then adopted to simulate future land use in 2030. Then, the InVEST model was used to estimate historical and future carbon storage in the PRDUA.



2.3.1 Land use change simulation

The PLUS model improves the accuracy of prediction by considering the effect of a series of driving forces on the dynamics of geographical cells. The localization PLUS model was conducted from driving factors, neighborhood weights, simulated scenarios, and validation.




2.3.2 Driving forces

Land use change in China mainly affected by social and economic development, national policies, and topography (Zhuang et al., 2022). In our study, we comprehensively consider various driving forces and their availability. According to previous studies, a total of 4 categories of 11 driving factors were selected: climatic variables, location variables, socioeconomic variables, and topographic variables (Table 1) (Zhang et al., 2019; Wang et al., 2021). The climatic variables included precipitation and temperature. The location variables included distance to expressways, railways, ordinary roads, and waterbodies. The socioeconomic variables included population density, GDP and night light intensity. The topographic variables included elevation and slope. Finally, the land use and driving force were resampled to 100 m × 100 m.


Table 1 | Source for driving force.






2.3.3 Neighborhood weight

The neighborhood weight represents the expansion ability of the land use category. Large value of neighborhood weight means a stronger expansion ability. The determination of neighborhood weight mostly relies on expertise because it is difficult to obtain directly. Existing studies have indicated that the patch area dynamics and number of patches are suitable to quantify the expansion degree (Liang et al., 2021). Therefore, the change in patch area was adopted in this study to determine the neighborhood weight, and its formula is expressed as:

	

where   is the neighborhood weight,   is the changed area, and   and   are the maximum and minimum changed areas, respectively.




2.3.4 Multiple scenarios setting

According to different economic development goals, we set three scenarios: natural growth (NG), urban expansion (UE), and low carbon development (LCD). The descriptions of the three scenarios are as follows:

	(1) NG: The land use will change following the past land use change pattern. There are no large-scale land use policy adjustments in this scenario. Area demand for 2030 was calculated based on the Markov model according to the conversion probability matrix for the 2010–2020 period.

	(2) UE: Considering that there are significant strategic opportunities for rapid development in the PRDUA, rapid growth in construction land is bound to occur. Thus, the probability of other land uses being converted into construction land increases by 20%.

	(3) LCD: Considering that the PRDUA faces the assessment of double carbon goals, it will strive to achieve carbon neutrality. Thus, an ecological protection redline was added to this scenario. The probability of farmland and forestland conversion into construction land decreases by 30%, whereas the probability of construction land conversion into forestland increases by 10%. Additionally, ecological protection redline areas were used as constraints to restrict their arbitrary conversion.






2.3.5 Validation

Regarding amount of each land use types in 2020 as the demand area of corresponding land use types in the model to simulate land use change in 2020. Then, the actual land use map in 2020 was compared with the simulate land use map for the same year. The Kappa index, which has widely used to assess the accuracy of land use simulation, was adopted to measure the accuracy of the simulation results (Pontius and Schneider, 2001). The Kappa index formula is:

	

where  ,  , and   are the observed proportion correct, the expected proportion correct due to chance, and the proportion correct when classification is perfect, respectively.




2.3.6 Carbon storage estimation

InVEST includes four types of carbon pools: aboveground ( ), belowground ( ), dead organic matter ( ), and soil organic matter ( ) (Wu et al., 2023). The aboveground biomass mainly refers to the carbon of trees, shrubs, and grasses. The underground biomass represents the carbon in plant root system. Dead organic matter mainly contains litter and dead vegetation. Soil organic refers to organic carbon in the soil. The calculation formula is:

	

	

where   is the amount carbon storage of each land use type;   is the total carbon storage in specific areas;   is the area of specific land use type.

Generally, carbon density can be obtained from field measurements or published studies. Therefore, we collected many related articles to acquire relatively accurate carbon density data (Table 2) (Liu et al., 2022c; Liu et al., 2023; Zhang et al., 2023).


Table 2 | Carbon density of each land use cover type in the PRDUA (Mg/hm2).






2.3.7 Spatial autocorrelation analysis

We adopted the local Moran’s I index to identify the pattern of carbon storage. The cluster types mainly included high–high cluster, high–low cluster, low–high cluster, low–low cluster, and not significant. The formula can be expressed as:

	

where   and   are the observation and the average of all observations, respectively.






3 Results



3.1 Model validation

Verified through on-site investigation and high-resolution remote sensing of Google earth, the overall accuracy of all land use data were exceeded 0.90. Accuracy of simulation results was high, with a Kappa index of 0.86 (Figure 2). Additionally, the intensity and direction of urban expansion in the simulation scenario were similar to those of actual land use in 2020. This finding was also consistent with previous studies (Zhao et al., 2021; Zhang and Li, 2022).




Figure 2 | Comparison of the simulated results and actual land use in 2020.






3.2 Historical and future land use dynamics



3.2.1 Land use change from 2000 to 2020

Forestland is distributed in the marginal areas, whereas construction land are concentrated in the central part (Figure 3). The waterbodies are mainly distributed west of the Pearl River. There is less grassland and unused land in the PRDUA. Forestland is the predominant landscape in the PRDUA, accounting for 53.51–55.62% of the total area, followed by farmland and construction land, accounting for 22.41–26.81% and 7.86–14.87%, respectively, of the total area (Table 3). From 2000 to 2020, there was considerable urban expansion and farmland shrinkage. Generally, the construction land increased 2708.67 km2 and 1075.26 km2, with change rates of 64.58% and 15.58% during 2000–2010 and 2010–2020, respectively. Farmland experienced continuous decreases, with 1705.03 km2 and 568.26 km2 net losses during 2000–2010 and 2010–2020, respectively. The waterbodies covered areas of 4193.82 km2 (7.68%), 4074.73 km2 (7.64%) and 3912.72 km2 (7.29%) in 2000, 2010, and 2020, respectively. Grassland experienced an initial slow decrease during 2000–2010 and then slightly recovered during 2010–2020.




Figure 3 | Spatial distribution of land use during 2000-2030.




Table 3 | Characteristics of land use change from 2000 to 2020.



The chord diagram was used to describe the intensity and flow direction of land use change at different periods. From 2000 to 2010, the newly increasing construction land was primarily source from farmland (1478.57 km2; 48.80%), forestland (677.43 km2; 22.36%), and waterbodies (412.27 km2; 13.61%), accounting for 84.77% of the total area of conversion (Figure 4). The main land use change during 2010–2020 was similar to the land use change trend during 2000–2010, but with some differences. The newly increasing construction land remain occupied farmland (1067.00 km2; 24.39%), forestland (394.84 km2; 12.09%), and waterbodies (412.27 km2; 9.03%), accounting for 45.51% of the total area of conversion. The area of farmland converted to waterbodies (500.38 km2; 11.44%) was approximately the area of waterbodies converted to farmland (490.67 km2; 11.22%). Additionally, construction land was replaced by farmland (471.71 km2; 10.78%), forestland (263.54 km2; 6.02%), and waterbodies (167.21 km2; 3.82%), indicating that ecological protection achieved some success at some extent.




Figure 4 | Chord diagram of land use change in PRDUA during 2000–2030.






3.2.2 Land use dynamics in 2030

The land use patterns under NG, UE, and LCD in 2030 were consistent (Figure 3). Under the three scenarios, forestland still has the largest area, followed by farmland and construction land. The significant land use change is increased construction land, with expansions of 997.83 km2 (12.51%), 1419.97 km2 (17.79%), and 238.60 km2 (2.99%) under scenarios NG, UE, and LCD, respectively. Under NG, the farmland loss was 441.15 km2, and the forestland loss was 333.75 km2 compared with 2020 (Table 4). Under UE, the loss of farmland was the largest, reaching 579.00 km2, followed by forestland at 555.03 km2 and waterbodies at 118.33 km2. Under LCD, the areas of farmland and forestland decreased slowly, with total reductions of 80.35 km2 and 87.56 km2, respectively. In contrast, the waterbodies increased by 106.40 km2 under LCD, whereas the waterbodies decreased by 76.66 km2 and 118.33 km2 under NG and UE, respectively. Under three scenarios (Figure 4), the increase of construction land is mainly the transfer of farmland and forestland. Additionally, there will be a trend of mutual transformation between forestland and farmland.


Table 4 | Characteristics of land use change under different scenarios in 2030.







3.3 Historical and future carbon storage changes

Higher carbon storage is distributed in the marginal regions of the PRDUA, where the elevation tends to be higher with relatively higher vegetation cover (Figure 5). Lower carbon storage is mainly distributed in the central region, where intense anthropogenic activities, such as industrial activities, are developed. The total carbon storage in 2000, 2010, and 2020 was 6.99×108 Mg, 6.67×108 Mg, and 6.53×108 Mg, respectively. The total carbon storage decreased by 4.66×107 Mg during 2010-2020. The decline rates were 4.67% from 2000 to 2010 and 2.08% from 2010 to 2020. The patterns of carbon storage under multiple scenarios in 2030 are similar to those in 2020. Carbon storage in the PRDUA declined with urbanization, especially in the central region of the agglomeration. In 2030, carbon storage will reach 6.42×108 Mg, 6.36×108 Mg, and 6.51×108 Mg under the NG, UE, and LCD scenarios, respectively (Figure 5). Compared to 2020, the carbon storage will decline by 1.76%, 2.60%, and 0.35% under the NG, UE, and LCD scenarios, respectively. This indicates that the three development patterns would cause the carbon storage to decrease with different intensities, and LCD leads to a relatively lower loss.




Figure 5 | Spatial distribution of carbon storage during 2000–2030.



At the city scale, carbon storage exhibited a decreasing trend in the nine cities from 2000 to 2020 (Figure 6). Zhaoqing always had the highest carbon storage (2.19×108 Mg), followed by Huizhou (1.59×108 Mg) and Jiangmen (1.19×108 Mg). The decline rates varied with time and space. For instance, from 2000 to 2010, the decline rates of Dongguan, Shenzhen, and Zhongshan exceeded 15%, whereas those of Huizhou, Jiangmen, and Zhaoqing were no more than 3%. The decline rates of Zhaoqing, Jiangmen, and Zhuhai were fast from 2000 to 2010 and then slowed from 2010 to 2020. Other cities exhibited an accelerated declining trend. In 2030, the carbon storage under the different scenarios was lower than that in 2020 but to different degrees (Figure 6B). Under NG, Shenzhen had the largest decline rate (4.35%), followed by Zhuhai (3.67%) and Guangzhou (3.45%). Under UE, the decline rates of Shenzhen, Zhuhai, and Guangzhou exceeded 4.67%. Similarly, the top three cities in terms of decline rate are Shenzhen, Zhuhai, and Guangzhou, with decline rates lower than 1.15% under LCD.




Figure 6 | Carbon storage change at city and county scale during 2000–2030.



At the county scale, we found a decrease in carbon storage of all counties during 2000–2010 (excluding Fengkai) and a continuing decline from 2010 to 2020 (excluding Futian, Shunde, and Yuexiu) (Figure 6). From 2000 to 2010, there were significant carbon storage changes in Liwan, Dancheng, Dongguan, Haizhu, Nanhai, and other places (decline rates > 25%). From 2010 to 2020, there were significant carbon storage changes in Liwan and Bao’an (decline rates > 25%). In 2030, the carbon storage followed the order NG > UE > LCD (Figure 7D), indicating that LCD can protect against carbon storage loss. From 2020 to 2030, carbon storage had different decreasing rates. Slight differences (less than 1.00×106 Mg) under the NG and LCD scenarios were found in Yuexiu, Zengcheng, Dancheng and Liwan. Significant differences (greater than 5.00×107 Mg) were observed in counties such as Deqing and Guangning.




Figure 7 | Historical carbon storage change and spatial distribution of future carbon storage at the grid scale.



At the grid scale (5 km×5 km), the decline rate of carbon storage was classified into ten categories (Figure 7). From 2000 to 2010, significantly changed areas were observed in the central of Guangzhou, Dongguan, Shenzhen, Foshan, and Jiangmen. Most of the marginal areas, carbon storage experienced slightly increased (vary 0 to 2.93×106 Mg). From 2010 to 2020, significantly changed areas were witnessed in the suburbs of megacities (Guangzhou, Dongguan, and Shenzhen). Rare areas in the central cities increased remarkable. More areas of the marginal areas tend to slight reduction in carbon storage (vary 0 to 2.59×106 Mg). In 2030, carbon storage was classified into ten categories (Figure 7). The distribution of the categories was similar under different development scenarios, indicating that the variation in carbon storage was less marginal.




3.4 Autocorrelation analysis of carbon storage

Local indicators of spatial association in carbon storage in the PRDUA are shown in Figure 8. The results show that the historical (2000, 2010, and 2020) and future (NG, UE, and LCD) carbon storage patterns are similar. The northwest and northeast higher carbon storage, and the central part distributed lower carbon storage.




Figure 8 | Cluster patterns of carbon storage.







4 Discussion



4.1 The impact of land use change on carbon storage

The Pearl River Delta region lies in an alluvial plain, which is beneficial to land use and development. Another major regional advantage is its adjacent position to the South China Sea, which promotes foreign trade. Additionally, the PRDUA was the first region in China to open up and attract outsiders. The combination of these factors stimulated urbanization and accelerated land use change. From 2000 to 2020, construction land increased by 90.22%. However, the increase in construction land gradually slowed over time (64.58% during 2000–2010; 15.58% during 2010–2020). Previous studies have been illustrated that urban expansion came at the expense of farmland in China, especially the urban agglomeration (Gao and Wang, 2019; Li et al., 2022b). This indicates that with the launch of the Reform and Opening Up policy, the economy prospered and urbanization accelerated; thus, construction land exhibited continuous expansion. It is expected that with the roll out of the Guangdong–Hong Kong–Macao Greater Bay Area Outline Development Plan and the High Quality Economic Development Plan, the economy of the PRDUA will further develop, land use efficiency will improve, and construction land will increase at a relatively low speed in the future. From 2000 to 2010, only 14.60 km2 of construction land was converted into forestland (9.61 km2) and waterbodies (4.99 km2). However, significant conversion of construction land occurred during 2010–2020, including farmland (471.71 km2), forestland (263.54 km2), waterbodies (167.21 km2), and grassland (63.74 km2). After the 2000s, the Chinese government implemented many ecological protection and restoration policies to balance economic development and environmental protection, such as ecological protection redlines, urban development boundaries, and foundation farmland. Therefore, natural land use was protected to some extent.

Different development strategies influenced land use change to varying degrees. According to our results, the area of construction land would increase by 12.51%, 17.79%, and 2.99% under scenarios NG, UE, and LCD, respectively. Inevitably, farmland and forestland will further decrease. Area of forestland and grassland converted to construction land decreases significantly under LCD. This means that ecological land will further be protected under LCD. Therefore, it is necessary to optimize urban development patterns by reasonably controlling the scale of megacities and promoting the development of medium-sized cities. High-quality economic development also needs to be achieved, including through industrial upgrading and land use efficiency improvement. Additionally, the protection of important ecological functional areas should be strengthened, and ecosystem function should be improved.

Urbanization has a multiscale impact on ecosystem carbon storage (Zhou et al., 2022; Li et al., 2023). On the one hand, urban expansion occupied the surrounding forestland, and farmland caused a great loss of carbon storage and sequestered belowground carbon. As cities become forested, carbon storage is compensated to some extent. On the other hand, areas far from cities tend to recover with reduced human pressure because cities attract more residents. The patterns, variation, and amount of carbon storage from 2000 to 2020 were consistent with previous studies (Liu et al., 2023; Zhang et al., 2023). Loss of forestland and farmland will cause great loss of carbon storage. Conversions of forestland to agricultural and construction land have significantly reduced carbon storage, mainly in Guangzhou-Dongguan and Shenzhen’s northern regions. Our results provide further understanding of how carbon storage loss is related to land use change at the city, county, and grid scales and call for enhanced land use management.

Carbon storage tends to drop, varying from 0.35% to 2.60% in the three scenarios, and the LCD scenario had the lowest loss of carbon storage. The decline rate under the LCD scenario is 0.22×106 Mg/y, which is lower than that under the harmonious development scenario in the Yangtze River Delta and under the gold scenario in the Beijing–Tianjin–Hebei Urban Agglomeration (Gao and Wang, 2019; Wu et al., 2023). Thus, optimizing the carbon compensation mechanism, strengthening ecosystem management, and improving carbon sinks can be treated as supplementary measures to achieve regional carbon neutrality.




4.2 Zone development strategy

Carbon storage in terrestrial ecosystems can be affected by natural factors as well as by human activity (Sun et al., 2022; Wu et al., 2023; Zhang et al., 2023). Land use decisions need to incorporate the multiscale effects of land use on carbon storage(Liu et al., 2022a; Liu et al., 2022b). The future carbon storage differences followed the order “county scale > city scale > grid scale” (Table 5). The future carbon storage at same sclae under different scenarios followed the order “UE > NG > LCD”. In this study, we quantified the future carbon storage and its dynamics at city scale, county scale, and grid scale.


Table 5 | Coefficient of variation (CV) of future carbon storage at multi scales.



At the city scale, it should integrate the development of metropolitan areas and enhance cooperation among the cities of inner metropolitan areas, such as the Guangzhou–Foshan–Zhaoqing megalopolis, Shenzhen–Dongguan–Huizhou megalopolis, and Zhuhai–Zhongshan–Jiangmen megalopolis. Urban development positioning, industrial synergy and complementarity, and land use complementation and coordination need to be comprehensively considered in land use planning. According to our results, urban expansion in Zhaoqing, Huizhou, and Jiangmen should be restricted. However, Dongguan, Shenzhen, Guangzhou, and Zhongshan witnessed rapid declines in carbon storage since 2000. The differences in carbon storage of the above cities under future scenarios are small, which indicates that the regulation capacity is limited. Dispersed green land within urban areas may be suitable for maintaining carbon storage.

At the county scale, optimized land use structure can be implemented to maintain carbon storage. Land resources should be reasonably utilized according to the land use structure of counties and their development goals. In counties with carbon sinks, such as Huidong County, carbon storage experienced little decline under LCD. The current land use patterns should promote the maintenance and development of low-carbon industries. Natural land (forestland, wetland and grassland) must be protected. For counties with a high decline in carbon storage under the LCD scenario, such as Guangning County, ecological restoration, for example, returning farmland to forestland, is recommended. For counties with sharp declines in carbon storage and a high urbanization rate, such as Huicheng County, it is wise to reasonably plant during urban construction renewal.

At the grid scale, forestland, grassland, and wetland should be strictly protected to avoid urban expansion. Moreover, science-based ecosystem management needs to be strengthened to enlarge the carbon storage capacity. For farmland, the area of farmland will continuously decrease under future scenarios. However, the Chinese government has permanently established a foundation farmland scheme that does not allow farmland loss. Therefore, intentionally directing urban expansion, such as toward the occupation of low-quality farmland, can prevent great loss of carbon storage. Additionally, the development of multifunctional farmland, including production, living, and ecological functions, is encouraged. For construction land, the primary task is to improve production efficiency. However, mine restoration should be implemented to leave space for ecological land.




4.3 Limitations and future research

Some limitations must be noted. First, the influencing factors at multiple scales require further study. Second, more field surveys are still needed to determine carbon density and eventually improve the estimation accuracy. Moreover, the InVEST model ignores the function of ecosystem management, which can effectively increase the carbon sink of forestland, grassland, and wetland. Third, partitioned simulation not only improves the accuracy of land use simulation but can also provide greater guidance for national spatial planning (Feng et al., 2019). Additionally, it can also reduce the uncertainty due to spatial heterogeneity. Furthermore, how climate change impacts land use and carbon density is worthy of further investigation to better understand ecosystem climate adaptation. Nevertheless, we found that the carbon storage decreased by 46.56 Tg and the decline rates became slow during 2000-2020. The carbon storage tend to decrease with decline rates varing from 0.35% to 2.60% under different development scenarios. At multi scales (city scale, county scale, and grid scale), the future carbon storage represents different characteristics. In future, policymakers should focus on the multiscale effects of land use change on carbon storage: such as integrate the development of metropolitan areas and enhance cooperation among the cities of inner metropolitan areas at city scale, optimized land use structure at county scale, and science-based ecosystem management for adding carbon sinks at grid scale. It is necessary to strictly comply with various ecological protection boundaries, reasonably control the size of megacities, promote the development of small and medium-sized cities and implement ecological restoration.





5 Conclusions

This study explored the impact of land use changes on carbon storage across multiple scales in the PRDUA. The main conclusions can be summarize as follows.

	(1) The construction land area increased by 2708.67 km2 and 1075.26 km2, during 2000–2010 and 2010–2020, respectively. In 2030, significant urban expansion will continue to take place with different characteristics under multi scenarios.

	(2) Carbon storage in the PRDUA decreased by 46.56 Tg from 2000 to 2020. The decline rate of carbon storage slowed during 2000-2020. The LCD (0.35%) scenario had a lower loss of carbon storage than the NG (1.76%) and UE (2.60%) scenarios.

	(3) In the future development and construction, policymakers should enhance collaboration between regions, ensure ecological resources in areas with high carbon storage and concentration, reduce the intensity of urban land development and increase carbon sink in the core city.
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