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Abstract


Land use and land cover changes are critical drivers of terrestrial carbon stock dynamics, as they alter native vegetation and land-based production activities. Scenario-based simulation of land use and carbon stock evolution offer valuable insights into the carbon sink potential of different development strategies and support low-carbon land planning. We focus on the Dianchi Basin, integrating a Markov-PLUS land use simulation with the InVEST carbon assessment model to examine carbon stock changes from 2000 to 2030 under three scenarios: natural development and cropland and ecological protections. Results indicate that from 2000 to 2020, the region experienced significant urbanization, with cropland decreasing and forest land expanding. Forests contributed the most to the total carbon storage, followed by cropland. The total carbon stock initially increased but experienced a marked decline from 2010 to 2020, aa trend expected to continue, largely attributable to the transformation of cropland and grassland into construction land, as well as the conversion of forest into cropland. By 2030, carbon stock trajectories would vary across scenarios. Both the natural development and cropland protection scenarios resulted in carbon loss, whereas the ecological protection scenario increased carbon storage and reversed the declining trend. Spatially, carbon stock distribution in the basin exhibits strong heterogeneity, with higher values in the periphery and lower values in the urban center. We reveal the spatio-temporal characteristics of carbon stock change and the carbon consequences of land use policies, providing scientific evidence to support land use restructuring, carbon sink enhancement, and regional carbon emission reduction under the dual-carbon goals of China.
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1. Introduction


Land use change (LUC) profoundly affects carbon cycle processes in terrestrial ecosystems [1], serving both as a driver and outcome of climate change. The intensification of human activities, especially urbanization, agricultural expansion, and infrastructure growth, resulted in substantial changes in land use structures [2], thereby disrupting the structure and function of natural ecosystems [3].Vegetation degradation, soil erosion, and habitat fragmentation collectively weaken the carbon sink capacity of ecosystems [4], increase atmospheric carbon dioxide concentrations, and disturb the global carbon cycle [5]. This disruption not only accelerates climate warming [6] but also reduces ecosystem stability and resilience, increases the risk of ecological disasters, and poses a threat to the sustainable development of human society [7].



Against this backdrop, land use assessment and carbon evaluation have become essential tools for understanding the evolving relationship between humans and the environment, as well as their ecological consequences. land use assessment reveals the spatial and temporal distribution patterns and evolution trends of different land use types, while carbon evaluation quantitatively characterizes the dynamic changes in ecosystem carbon storage, providing a basis for identifying regional carbon source–sink patterns. By integrating both analyses, the cumulative effects of human activity on the carbon cycle can be assessed with greater accuracy [8].



Relevant studies gradually revealed carbon stock calculations and the intrinsic law between land use change and the ecosystem carbon cycle in different contexts by combining qualitative and quantitative methods. Early carbon stock studies mainly used qualitative analyses to attribute changes to large-scale land cover transformations, such as biomass carbon loss due to deforestation [9] and soil carbon oxidation caused by wetland reclamation [10]. Although these results establish a basic causal relationship, they lack fine spatial delineation. With the development of geographic information technology, the relationship between land use change and carbon stocks in different contexts was introduced to the research field. Some scholars began to use the carbon stock module of the Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST) model to assign carbon density coefficients to different land classes to quantify the changes in carbon stock, which brought the relevant research into the quantitative stage [11]. Recent progress has further coupled land use models [12,13], such as Patch-Generating Land Use Simulation (PLUS) and the Conversion of Land Use and its Effects at Small regional extent (CLUE-S), with ecosystem process models to realize the prediction of carbon stock dynamics under multiple LUC scenarios [14]. Under the ecological protection scenario, Gong et al. found that carbon sink potential could be effectively enhanced by controlling the growth rate of construction land and increasing the area of forested land [15]. Simultaneously, a study on carbon stock in the coastal wetlands of the Yellow River Delta found that under the natural development scenario, non-intervention in the conversion between various types of land use will lead to a continuous decrease in carbon stock [16], which is a threat to the ecological environment. The carbon stock situation under the cropland protection scenario presents a compromise between the above two, which can slow down the carbon loss caused by rapid urbanization while protecting the loss of cropland [17]. This methodological evolution from qualitative imputation to quantitative explicit quantification signifies that the academic understanding of ‘how land use affects the carbon cycle’ is shifting from epistemic correlation to mechanism analysis.



Relevant studies showed that carbon response mechanisms vary depending on the land conversion type. Forest-to-farmland conversion, driven by biomass removal and soil organic carbon decomposition, typically results in a 40–60% reduction in carbon stocks [18]. Contrastingly, the restoration of farmland to grassland can sequester carbon by increasing root biomass and the accumulation of detritus [19]. Urban sprawl into fertile peripheral areas not only leads to the loss of vegetation carbon sinks but also results in a decline in the carbon uptake functions of surrounding ecosystems due to edge disturbances [20]. Agricultural intensification has a dual effect: while mechanization and irrigation can temporarily increase crop productivity (and thus short-term carbon sequestration), over-tillage and the use of chemical fertilizers can degrade soil organic carbon by 10–30% [21]. These heterogeneous mechanisms emphasize the need to decompose the effects of LUC rather than treat land systems as homogeneous entities.



Luo et al. highlighted that a lack of systematic feedback between land use and the carbon cycle exists [22] and that carbon sequestration in the region cannot compensate for the carbon loss caused by urban expansion, making the contradiction between regional development and carbon neutrality goals increasingly prominent. However, relevant studies mainly focused on administrative boundaries, such as provinces [23], cities [24], and counties [25], with less research on boundaries formed by natural landforms, such as lake basins. Additionally, practical problems in watersheds have been adequately addressed. In the Dianchi Basin of China, rapid urbanization is consuming high-carbon-density agricultural wetlands, while ecological restoration policies tend to focus on reforesting marginal lands with limited carbon sequestration potential [26]. This contradiction arises from a lack of understanding of the non-linear relationship between LUC and macro-scale carbon balance [27]. Therefore, it is crucial to clarify the carbon stock response mechanisms to LUC and establish a carbon stock assessment framework to capture the dynamic evolution of land use.



Therefore, we address two practical problems. First, in response to the problem of carbon sink reduction due to rapid urbanization in the plateau lake basin currently, the combination of land use simulation and carbon storage assessment can reveal the long-term impacts of human interventions on the carbon cycle process and spatial heterogeneity from a dynamic perspective [28]. Secondly, to overcome the long-term ecological restoration dilemma in the Dianchi Basin, land use simulation is used to predict the trend of land pattern change under multiple scenarios in the future, while carbon storage assessment quantifies the carbon increase and decrease processes brought about by LUC. The integration of land use and carbon cycle analyses deepens our understanding of their interaction mechanisms. Additionally, it provides a scientific basis for optimizing land allocation, boosting carbon sequestration potential, and shaping effective responses to climate change, thus fostering an alignment between ecological preservation and socioeconomic progress.



Summarily, we considered the Dianchi Basin as the study area, constructed a PLUS-based multi-scenario simulation model of LUC, and simultaneously constructed an InVEST-based carbon stock assessment model to analyze the spatial and temporal evolution characteristics of carbon stocks under different land use scenarios. By comparing carbon stock changes under different land use scenarios, we explored the mechanisms and effects of land use policies on carbon sinks and provided a scientific basis for synergizing national spatial planning and carbon neutrality under regional climate change.




2. Study Area and Data Sources


2.1. Study Area


The Dianchi Basin is located in the central part of Yunnan Province (Figure 1) and covers a total area of approximately 2886 km2. It is the largest freshwater lake basin in this province. The basin lies in the core area of Kunming City, which is a key economic, cultural, and transportation hub in Southwest China. Its topography is characterized by mountains, hills, and basins, with a subtropical highland monsoon climate. The average annual temperature is about 15 °C, and the annual precipitation is approximately 900 mm. The basin supports a variety of vegetation types including forests, grasslands, and wetlands, all of which have significant carbon storage potential. Furthermore, the Dianchi Basin has a high population density and an accelerated urbanization rate. The economy of the region is largely driven by industry, agriculture, and services while simultaneously striving to harmonize environmental preservation with economic advancement. In recent years, rapid urbanization and industrialization have led to significant transformations in land use [29]. The expansion of construction land, intensification of agricultural activities, and reduction in ecological land use have all had profound effects on the basin carbon stock.




2.2. Data Sources and Processing


We primarily utilize three types of data: land use, environmental driving, and land carbon density. First, land use data and environmental driving factors were integrated to simulate land use patterns under multiple scenarios for 2030. Second, land use data were combined with carbon density data to estimate the carbon stocks of terrestrial ecosystems within the watershed.



2.2.1. Land Use Data


Three periods of land use data from 2000 to 2020 were obtained from the China Annual Land Cover Dataset (CLCD) developed by Wuhan University [30] (https://zenodo.org/records/5816591#.ZAWM3BVBy5c, accessed on 21 January 2025). This dataset has a spatial resolution of 30 m, an overall classification accuracy of 80%, and offers a higher temporal resolution than those of the other land use CLCD products, seven of which are covered in this study area, with snow and wetlands not covered. After the field survey, it was found that although several wetland parks exist in the watershed, they consist of good ecological restoration and high woodland coverage and hence are mostly represented as woodlands in the land use data. According to earlier research, a small proportion of shrublands should be reclassified as woodland; therefore, the land use type includes six categories: cropland, woodland, grassland, watershed, unused land, and built-up land.




2.2.2. Environmentally Driven Datasets


Simulating and predicting future land use using the PLUS model requires the integration of historical land use data with environmental driving variables. Based on the modeling guide and the relevant literature, 14 environmental driving factors were selected, covering three main aspects: natural and socioeconomic conditions and locational attributes (Figure 2). Natural conditions include five parameters: digital elevation model (DEM) data, slope gradient, mean annual temperature, mean annual precipitation, and soil classification. Socioeconomic characteristics comprise two indicators: population density and gross domestic product (GDP) distribution. Location attributes encompass five spatial metrics: Euclidean distance to the nearest river, proximity to county administrative centers, and linear distances to railroads, highways, and roads. In addition to including socioeconomic data as a contributing factor influencing urban land expansion from 2000 to 2010, various socioeconomic data for 2010 were selected to restore the real environmental factor impacts during this period.



Digital elevation data were downloaded from the Geospatial Data Cloud Platform (https://www.gscloud.cn/, accessed on 17 January 2025), and slope information was derived using the slope analysis tool in GIS at a 30 m resolution. Data on soil type, mean annual temperature, mean annual precipitation, population, and GDP were obtained from the Resource and Environmental Science and Data Platform (https://www.resdc.cn, accessed on 16 February 2025), with all datasets standardized to a 1 km resolution. After mask extraction, reprojection, and setting the output to a 30 m resolution in ArcMap, environmental driving variables for the study area were generated. The data on location conditions mainly include highways, railroads, highways at all levels, and urban settlements downloaded from the OpenStreetMap website, whereas the road data of the Resource Environment Science and Data Platform are supplemented for the absence of primary and secondary roads. Finally, the distance weight data of the point (town point) and line (road network) elements were analyzed using the Euclidean distance tool.




2.2.3. Land Carbon Intensity Data


To assess the carbon effects within the Dianchi Watershed, land carbon density (CD) across various land types is a critical factor. Carbon stocks within ecosystems are classified using the InVEST model into four primary pools: aboveground carbon, representing vegetation biomass above the soil level; belowground carbon, encompassing roots and subterranean plant parts; soil carbon, referring to organic matter contained within the soil; and dead carbon, which consists of litter and dead plant residues [31]. The CD values used here were primarily obtained from the terrestrial ecosystem CD dataset of the National Ecological Science Data Center [32] and the other relevant literature [33]. Given the lack of CD datasets, specifically for the Dianchi Basin, we relied on earlier research [34] conducted in ecologically and geographically similar regions to estimate CD values for different land use types in the basin (Table 1).






3. Research Ideas and Methods


The research framework was divided into two main components based on the objective of assessing the carbon effects in the Dianchi Basin (Figure 3). First, it analyzes LUC features throughout the two decades of accelerated urban growth between 2000 and 2020 as well as their effects on carbon stocks. This includes an analysis of land use evolution and the calculation of carbon stock variations. Second, the Markov PLUS model was employed to simulate land use patterns in 2030 under the three scenarios. The model was then used to assess the corresponding carbon stock changes under each scenario, with the aim of revealing the potential carbon effects resulting from future LUC in the Dianchi Basin.



3.1. Land Use Transfer Matrix


Designed to depict the temporal conversion of land use types, the land use transfer matrix serves as an essential analytical tool between the two periods [35]. Typically presented as a matrix, the rows reflect land categories at the start of the study, whereas the columns denote their states at the end. Each cell indicates the number of units transitioning between different land uses. The formula for this is presented in Equation (1):
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(1)




where M and n denote the land use transfer matrix and land use type, respectively, and n = 6 (i.e., 1—cropland, 2—forestland, 3—grassland, 4—watershed, 5—unused land, and 6—built-up land).




3.2. Future Multi-Scenario Simulation Setup


To explore future land use demand under different development trajectories, three scenarios were established: Natural Development (ND), Cropland Protection (CP), and Ecological Protection (EP) scenarios. These simulations for 2030 were based on the historical land use transfer matrix of the Dianchi Watershed from 2000 to 2020. The specific settings were as follows:



ND followed the historical land transition probabilities of land change between 2000 and 2010 and used the Markov model to estimate land demand in 2030, reflecting the natural trend of land conversion across all categories.



The purpose of ND is to strictly guard the amount of existing arable land and limit the transfer of arable land while increasing the probability of transferring other land categories to arable land to achieve the protection goal of high-quality arable land. According to the requirements of the cropland protection target of the Yunnan Provincial Land Spatial Planning (2021–2035), the amount of cropland planned to be protected by 2030 is approximately 1.24 times the amount of permanent basic farmland. Therefore, we stipulate limiting the transfer of croplands under this scenario and increasing the transfer probability of forestland, grassland, and unused land to croplands by 25% to comply with the policy objective.



The Yunnan Provincial Dianchi Protection Regulations, revised in 2024, implement zoning protection for the watershed, prohibit construction activities in the core protection area, and achieve a balance of ecological protection through wetland restoration, return of farmland to forests, and other measures. The 14th Five-Year Plan proposed that the coverage rate of forests and grasslands in the watershed should reach 61%. Therefore, to meet the land use objectives under the EP, we increased the transfer probability of cultivated land and grassland to forest land by 30%, which indicates that the amount of ecological land will account for approximately 58% of the entire area in 2030, and prohibits the transfer of forest land, grassland, and water to cultivated and construction lands to strictly control the conversion of this type of ecological land.




3.3. PLUS Model


Land use change modeling is a core component of global change research and regional sustainable development studies [36]. Cellular Automata (CA), as a spatial simulation tool, effectively captures spatial proximity and path dependence in land use evolution. The core principle of CA is to determine the future state of each cell based on its current state, the states of its neighboring cells, and predefined transition rules. CA models were widely applied in studies of urban expansion, ecological transformation, and land use succession because of their capacity to simulate spatially dynamic processes [37].



Two significant constraints were identified in traditional CA models: (1) they struggle to automatically extract the driving mechanisms behind land use change [38], and (2) the spatial distribution patterns produced tend to be overly homogeneous, failing to accurately represent the complexity of real-world geographic and environmental conditions.



Consequently, the PLUS model emerged as an important extension of traditional CA models. The PLUS model is a meta-cellular automata framework based on raster data for simulating land use expansion [39]. It integrates the Land Expansion Analysis Strategy (LEAS) and the Cellular Automata based on multi-type Random Seeds (CARS) module. While retaining the advantages of the local self-organization and neighborhood effects of CA, the PLUS model enhances spatial simulation capabilities by incorporating machine-learning algorithms (e.g., Random Forest) and a multitype patch generation mechanism. These improvements significantly increase the ability of the model to represent spatial heterogeneity more realistically [40].



3.3.1. Model Structure and Principles


	(1)

	
LEAS Module







The LEAS module was responsible for identifying the driving forces behind land expansion. First, historical samples of land use change are extracted, and the Random Forest algorithm is applied to quantify the contributions of various environmental and socioeconomic factors. This helps determine the variables most significantly influencing land transformation. Second, the module evaluates the development potential of land categories by analyzing past expansion characteristics and their associated drivers. The LEAS module generated a “driving force distribution map” serving as a key input for parameterizing the CARS module.



	(2)

	
CARS Module







The CARS module is a patch-based multicellular automaton system designed to simulate spatial LUC. Unlike traditional CA models, often producing fragmented and overly smoothed land patterns, the CARS module introduces multiple random “seeds” and simulates land use expansion in patch form, resulting in more realistic land parcel shapes and clearer boundaries. This module incorporates transition probabilities, neighborhood effects, and a land competition mechanism to reconstruct spatial patterns with higher ecological and geographic realism [41].




3.3.2. Projected Land Requirements


Based on the specific settings of ND, CP, and EP, a Markov model was employed to extract the land use transition probabilities from 2000 to 2010. These transition matrices were used to calculate the projected land demand for each land use category in 2030 under ND (Equation (2)), which served as the target input for the PLUS model simulation. Land demand for the CP and EP scenarios was adjusted according to their respective modified transition probabilities.


   S  total   =   ∑  j = 1  n    S   future , j      =   ∑  i = 1  n    S  c u r r e n t , i   ×  P  i j      



(2)




In Equation (2),



	
Sfuture,j represents the projected area of land use type j in the future.



	
Scurrent,i is the area of land use type i in the base year.



	
Pij is the probability of transition from type i to type j,



	
and n is the total number of land use categories.







3.3.3. Cost Matrix and Neighborhood Weight Setting


The cost matrix defines permitted and restricted transitions among land use categories over the course of the study period. A value of 1 denotes an allowable change between land types, and 0 signifies a restriction. Categories a–f represent cropland, forest land, grassland, water bodies, unused land, and built-up land, respectively. Under ND, the model adopts the historical land use cost matrix, while imposing restrictions on the expansion of construction land. Contrastingly, CP and EP modify conversion pathways according to policy priorities (e.g., prioritizing farmland conservation or ecological restoration), as detailed in (Table 2).



Additionally, neighborhood weights were introduced to characterize the spatial expansion tendencies of each land use type. These weights were derived by normalizing the historical expansion area of each land category, thereby reflecting the influence of spatial self-organization on land-parcel generation in the PLUS model.




3.3.4. Accuracy Check


The PLUS model evaluates the accuracy of simulation results using the kappa coefficient and Overall Accuracy (OA) to ensure the reliability of its performance. As a measure of simulation performance, the Kappa statistic ranges from 0 to 1, with higher values signifying better alignment between predicted and actual land use. Generally, a Kappa value above 0.75 reflects excellent agreement with observed data, while values between 0.60 and 0.75 indicate good consistency.



Here, based on land use and relevant driving factor data from 2000 to 2010, the PLUS model was applied to simulate land use patterns for 2020. Using the Confusion Matrix and the modules of the PLUS model, actual land use data from 2020 were incorporated for validation. The results show that the model achieved OA and kappa coefficient of 83.18% and 0.7686, respectively, indicating a high level of simulation accuracy and confirming the suitability of the model for future land use projections.





3.4. InVEST Carbon Stock Modeling


The InVEST model, developed by the Natural Capital Project of Stanford University, is a widely used tool for assessing ecosystem services. The Carbon Storage and Sequestration module was specifically designed to estimate carbon stocks and their spatial distribution across ecosystems, making it a key instrument for evaluating the impact of LUC on carbon sequestration capacity. Carbon storage in this module was computed using land cover types and their respective CDs. The carbon stock was calculated using Equation (3):


  C =   ∑  i = 1  n   (   A  i  ×   D  i  )    



(3)




where



	
C is the total regional carbon stock,



	
Ai is the area of land use type i,



	
Di is the carbon density of land use type i (i.e., the sum of above-ground carbon, below-ground carbon, soil carbon, and dead organic matter).



	
n is the number of land use types.








4. Results


4.1. Analysis of Land Use Patterns in Dianchi Basin, 2000—2020


4.1.1. Land Use Characterization


From 2000 to 2020, the land use structure of the Dianchi Basin underwent substantial changes (Table 3 and Figure 4). Throughout 2000, 2010, and 2020, cropland and forests consistently dominated the landscape. Initially, cropland was the most prevalent land type; however, its area steadily declined from 1139.61 km2 to 903.37 km2, with its share decreasing from 39.49% to 31.31%. This trend indicates that the expansion of urban areas encroached on farmland and signaled a gradual decline in agricultural activities. Conversely, forestland showed a steady increase, rising from 931.39 km2 to 1028.31 km2, with its proportion increasing from 32.28% to 37.68%, suggesting that the ecological protection policies were effective. Grassland area initially expanded, peaking at 506.47 km2 in 2010, but then declined to 401 km2 by 2020, with its share fluctuating between 15.36% and 13.90%. These fluctuations are likely due to a combination of ecological restoration efforts and human disturbance. The relatively unchanged extent of the water bodies suggests that the water preservation initiatives in Dianchi Lake were effective. Unutilized land changed only slightly, but showed a small increase by 2020. Construction land increased markedly, from 52.58 km2 to 178.28 km2, with its proportion rising from 1.82% to 6.18%, reflecting rapid urbanization. Overall, the LUC in the Dianchi Basin is characterized by a reduction in cropland and an expansion of forest and construction lands, illustrating the dual forces of ecological conservation and urban development.



From 2000 to 2010, the spatial distribution of construction land increased significantly, particularly in the core urban zone of Kunming, which is adjacent to the Dianchi Lake Basin (Figure 5). This expansion followed a radial pattern outward from the city center, with cultivated land being converted into urban land, often accompanied by an increase in grassland. In the eastern (Chenggong District) and northeastern (Airport New Area) parts of the basin, signs of construction began to emerge, particularly in Chenggong District, where urban planning spurred the formation of a complete urban layout. Simultaneously, the mountainous forest areas surrounding Dianchi expanded based on their original coverage, concentrating woodland distribution.



Between 2010 and 2020, an urban pattern developed north of Dianchi Lake, forming the core urban area of Kunming. Most croplands in this region were converted to construction land, leading to denser urban development. Due to the spatial constraints posed by Dianchi Lake, urban expansion shifted eastward, reshaping the urban structure of the Guandu District. Forest coverage in the basin increased during this decade and became more spatially aggregated.



Over the past two decades, construction and arable lands in the basin have exhibited a clear antagonistic relationship, with the expansion of urban areas occurring largely at the expense of farmland, following a north-to-south pattern along Dianchi Lake. Vegetation in the surrounding mountainous areas recovered considerably, particularly in northern Panlong District, which is home to forests such as the Bailu Forest and Jindian National Forest Park. These changes reflect the positive outcomes of ecological protection efforts.




4.1.2. Land Use Trajectory Analysis


From 2000 to 2020, the land use transfer map of the Dianchi Basin (Figure 6) reveals that cultivated land experienced the largest outflow (403.22 km2), primarily being converted to forest (111.93 km2), grassland (203.00 km2), and construction (80.66 km2) lands. These findings imply that measures involving land use conversion from agriculture to natural vegetation, alongside accelerated urban development, greatly reduced cropland areas. Forest land saw a relatively low outflow (73.22 km2), but a significantly high inflow (229.11 km2), resulting in a net increase of 155.89 km2, which reflects the remarkable success of ecological restoration efforts. Grassland had an outflow of 254.50 km2, mainly being converted into cultivated (94.21 km2) and forest (115.95 km2) lands, highlighting the ongoing tension between agricultural expansion and ecological restoration. Water bodies showed minimal change, with only 10.27 km2 converted out and an inflow of just 3.18 km2, indicating that the water protection measures around Dianchi effectively curbed water loss. Construction land expanded by 125.77 km2 and was primarily sourced from cultivated land (80.66 km2) and grassland (41.45 km2). The actual rate of expansion during this period exceeded expectations, emphasizing the mounting pressure from urbanization.



LUC in the Dianchi Basin is closely tied to the “Ecological Civilization” strategy of Yunnan Province. Approximately 111.93 km2 of cropland was directly converted due to the “Returning Farmland to Forest” policy implemented between 2000 and 2010. After the 2013 revision of the Regulations on the Protection of the Dianchi Basin, the amount of converted water area declined by 62% compared with that in the previous decade. The “Multiple Planning Integration” territorial spatial plan of Kunming imposes stricter controls on construction land expansion. The average annual conversion of land for construction use from 2010 to 2020 (6.29 km2) fell by 18.5% compared with that in 2000–2010 (7.72 km2). However, further efforts are needed to strengthen the coordinated controls on farmland occupation, compensation balance, and ecological red lines to better reconcile the conflict between ecological conservation and urban development.





4.2. Multi-Scenario Land Use Simulation Analysis of Dianchi Watershed in 2030


The simulation results of land use in the Dianchi Watershed under multiple scenarios for 2030, based on the PLUS model, showed significant differences (Figure 7).



Under ND, the areas of arable land, grassland, and unutilized land decreased, especially arable land, which shrank by approximately 43.14 km2. Water bodies increased slightly, influenced by the presence of wetland parks along Dianchi Lake. Both forest and construction lands expanded considerably. Urbanization occurs mainly through the conversion of cropland and grassland, whereas forested areas in the surrounding mountainous regions experience prominent restoration.



In CP, the transfer of existing arable land is strictly limited, whereas conversion of other land types into croplands is promoted. Consequently, the cultivated land area reached a maximum of 914.12 km2, nearly matching that of the 2010 levels. Although construction land continued to increase, its growth rate was slower than that for ND. Forest and grassland areas decreased, and forestland expansion was prominently suppressed. Grasslands are the primary source of cropland compensation due to their topographic suitability.



Under EP, by 2030, cropland will decrease by 82.06 km2, forest land will increase by 42.23 km2, grassland will increase by 18.69 km2, water bodies will expand by 2.53 km2, and construction land will grow by 19.40 km2. The overall increase in ecological land, forest, grassland, and water indicates a more balanced and rational land use outcome. The reduced croplands were primarily converted to forest and grassland, and the growth of built-up land was the slowest among the three scenarios.



Conclusively, the LUC in the Dianchi Watershed by 2030 demonstrates marked variability depending on the scenario considered. Under ND, cropland decreases, built-up land expands rapidly, and urban growth coexists with some ecological restoration. Under CP, cropland area increases and construction land growth slows, reflecting the influence of farmland conservation policies. Under EP, cropland decreases sharply, while forest and grassland areas expand significantly, and construction land growth is minimized, demonstrating the strict enforcement of ecological protection policies.




4.3. Analysis of Changes in Carbon Stocks, 2000—2030


4.3.1. Time-Series Analysis of Carbon Stocks


Since 2020, when China announced its “dual-carbon target” at the United Nations General Assembly and pushed for a low-carbon transition in its national land use policy, strong concerns have gradually been expressed about carbon effects in various regions. Simultaneously, the results of the third national land survey show that between 2010 and 2020, the area of arable land nationwide decreased from 1.918 to 1.865 billion mu, and the average annual growth of construction land increased by 1.5%, leading to a significant increase in carbon emissions. It was highlighted that the land changes in Kunming City, Dianchi Basin, during this period were characterized by “three increases and three decreases” [42], which made it necessary to analyze carbon stock. It was found that carbon stock in the Dianchi Basin changed significantly over the past 30 years, with a trend of “initial increase followed by decline” (Figure 8).



In the decade from 2000 to 2010, an increase was observed in the areas covered by forests and grasslands, contributing to a rise in total regional carbon stock due to their high CD. Between 2010 and 2020, significant LUC occurred in the basin, highlighted by a decrease in the amount of grassland and a rapid expansion of built-up land at a rate of 1.5 times, leading to an outward loss of carbon stocks during this period. However, from 2020 to 2030, under ND, carbon stock continues to decline, reaching 33.72 × 106 tons. During this period, both cropland and ecological land decrease, resulting in the lowest carbon stock among the three scenarios. Under CP, carbon stock reaches 33.79 × 106 tons—comparable to that of ND. Although cropland is preserved, the scenario still demonstrates a relatively low carbon storage capacity of cropland compared with that of other ecological land types.



Contrastingly, under EP, carbon stock in the Dianchi Basin reaches its highest value. The carbon storage potential of a regional ecosystem can be maximized by increasing the area of forests, grasslands, and water bodies. Furthermore, the expansion of construction land slows significantly, aligning more closely with the concept of “harmony between humans and nature.” However, arable land continues to decline sharply because of the increasing demand for diverse land use functions.




4.3.2. Spatial Characterization of Carbon Stocks


The spatial distribution of carbon stocks in the Dianchi Basin exhibits pronounced spatial heterogeneity (Figure 9), with the central part of the basin being well-developed with mostly construction land, which results in low carbon stocks in the area; while the surrounding areas of the basin are forested and grassland, which form high carbon stock areas, and hence, the whole area is characterized by “low in the center, high around the periphery.” Simultaneously, with time, the low-carbon storage area in the middle of the watershed has been expanding, while the surrounding high-carbon storage area has become more aggregated.



Low-carbon areas were primarily composed of built-up and unused land. As construction land serves as the foundation for economic development in the Dianchi Watershed, it has expanded outward, concentrating on low-carbon zones along the northern and eastern shores of Dianchi Lake. Additionally, development saturation on the north bank shifted urban expansion to the east bank, suggesting that carbon stocks in land use types along the eastern shore will likely decline in the future.



Medium-carbon areas are primarily composed of water bodies and croplands. Since 2000, major water systems in the basin, such as Dianchi Lake, rivers, and reservoirs, have remained under control, keeping the carbon stocks associated with aquatic land use relatively stable. Cropland, once the dominant land use type and a major carbon reservoir, significantly reduced due to urban sprawl on the north bank, resulting in substantial carbon loss. Meanwhile, the carbon stock center for croplands gradually shifted southeastward.



Regions with high carbon content are primarily located in the hills encircling the basin, where woodlands and grasslands are the primary contributors to carbon sequestration. Forested land showed a continuous upward trend over the last three decades. As the most carbon-dense land use type in the basin, woodlands play a dominant role in shaping the carbon storage profile of the region.



Spatial differences in carbon stock distributions across the years revealed the spatial patterns of carbon stock changes in the Dianchi Basin (Figure 10). From 2000 to 2020, the spatial distribution of carbon stocks underwent significant changes, exhibiting a clear pattern of polarization leading to substantial carbon stock losses in the northern part of the basin, whereas increased forest and grassland coverage around the basin resulted in widespread carbon stock gains. Over the 20-year period, areas with decreased and increased carbon stocks accounted for approximately 10.47% and 15.34% of the total basin area, respectively.



When comparing the carbon stock distributions between 2020 and 2030 under different scenarios, the overall spatial pattern remained relatively stable. Under ND, reductions in cropland and grassland conversion to construction land continued to dominate the central region of the basin, with 1.57% of the area showing a decrease in carbon stocks. Under CP, potential land conversion from cropland is restricted, thus preserving cropland areas. Consequently, construction land expansion relies primarily on grasslands, which significantly limits the extent of land conversion and increases carbon stocks in the central basin.



The increase in carbon stocks was the most pronounced under EP. Forest and grassland areas in the surrounding mountains expanded further, effectively enhancing the carbon sequestration capacity of the basin and mitigating carbon loss from urban development.




4.3.3. Impact of Land Use Shifts on Regional Carbon Stocks


Land use conversion directly influences ecosystem carbon stocks by altering the surface vegetation cover and the soil carbon pool. Therefore, analyzing specific land use transitions is therefore essential to accurately identify the sources of regional carbon stock gains and losses. In the Dianchi Basin, carbon stock increases were primarily driven by the conversion of cropland and grassland to forestland and the conversion of cropland to grassland. Conversely, carbon stock losses mainly result from the conversion of forest land, grassland, and cropland into construction land (Figure 11).



From 2000 to 2010, the impact of land use change on carbon stock in the Dianchi Basin was mainly characterized by the conversion of cropland to forest and grassland, which increased the carbon stock by 314,000 t and 292,000 t, respectively. Additionally, the conversion of grassland to forest contributed to an increase of 217,000 t. These results reflect the significant success of the “Grain for Green” policy in promoting the return of farmland to forests and grasslands. However, some instances of agricultural reclamation (i.e., converting forest and grassland back to cropland) resulted in a carbon stock loss of 233,000 t. Overall, the net change in carbon stock during this period was positive, although localized agricultural expansion still posed a threat to the carbon sink function.



Between 2010 and 2020, the influence of land use change on carbon stocks became more complex. Cropland converted to forest land increased the carbon stock by 276,000 t, and grassland converted to forest added another 168,000 t. The conversion of cropland and grassland into urban areas caused losses in carbon stocks amounting to 231,000 t and 173,000 t, respectively, indicating mounting urbanization pressure on carbon sinks. Additionally, the shift from grassland to cropland contributed to an added loss of 188,000 t, underscoring persistent ecological degradation due to agriculture. Overall, the carbon stock trend during this period was negative, and urban expansion emerged as the primary driver of carbon sink reduction.



Looking ahead to 2030, under ND, the region will gain approximately 105,000 t of carbon stock through conversion to forest and grassland. However, the extensive transformation of agricultural and grassland areas into built-up land under urban expansion will lead to a continued decline in carbon stocks, significantly impairing the carbon sink function of the ecosystem. Under CP, land conversion will be constrained, particularly for croplands, shifting development pressure to grassland. Consequently, the conversion of grassland to construction land will cause a carbon stock loss of approximately 232,000 t. Under EP, croplands will primarily be converted to forest and grassland, resulting in a carbon stock gain of 232,000 t. In this scenario, ecological land types (forest, grassland, and water bodies) increase, the expansion of built-up land is suppressed, and carbon losses from encroachment on croplands are mitigated.



Summarily, regional carbon stock increases are mainly driven by conversion to forests and grasslands. Contrastingly, urban expansion (cropland and grassland to construction land) and agricultural reclamation (forest and grassland to cropland) are the principal causes of carbon stock loss.






5. Discussion


5.1. Significance of Coupled Land Use and Carbon Stock Studies


Traditional studies focused primarily on single models or descriptive analyses of historical data [43,44]. Contrastingly, we integrated the PLUS and InVEST models with the Random Forest algorithm and multi-type patch generation rules to simultaneously account for the spatial heterogeneity of land use in complex terrain areas and the dynamic response of carbon stock estimation. Beyond merely reviewing historical changes, we systematically compared carbon stock trends under different land use policies and planning scenarios, namely ND, CP, and EP. This multi-scenario evaluation approach enables a more comprehensive understanding of the potential changes in regional carbon sink functions under varying policy constraints [45]. It also offers decision-makers more detailed feedback on policy outcomes and early warnings of potential risks, outperforming traditional single-scenario projections in both scope and precision.



Furthermore, we not only emphasize overall changes in carbon stock but also link spatial patterns of carbon loss to specific regional policies—such as the “One Lake, Four Zones” strategy outlined in the Kunming Territorial Spatial Master Plan (2021–2035). This reveals the variation of carbon stock dynamics across key areas, including the urban core and the eastern shore of Dianchi Lake, under different development scenarios. This spatially explicit approach provides a solid foundation for the targeted implementation of land use policies and enriches the existing discourse on the spatial effects of environmental and planning policies.



We systematically assessed the impacts of LUC on carbon stocks in the Dianchi Basin from 2000 to 2030, revealing the distinctive carbon cycle response characteristics of highland lake ecosystems. The results show a clear trend of “first increasing and then decreasing” in carbon stocks, closely aligning with the implementation stages of regional policies. From 2000 to 2010, the “Grain for Green” project significantly boosted carbon stocks, while the rapid expansion of construction land after 2010 led to intensified carbon loss. Compared with that of the lowland lake basins, the Dianchi Basin exhibits greater sensitivity to carbon response, with the intensity of carbon loss from construction land reaching approximately 39 t/ha [46]. This increased sensitivity is largely attributed to the unique soil structure of the region and the vulnerability of its plateau ecosystem [47].



As a representative highland lake ecosystem in Southwest China, the Dianchi Basin is grappling with the tension between ecological protection and economic development amid rapid urbanization [39]. Under the “dual carbon” strategy, multi-scenario simulations reveal that the carbon sink potential in the Dianchi Basin could reach 33.99 × 106 t by 2030 under EP—an increase of 0.26 × 106 t compared with that of ND—highlighting the effectiveness of territorial spatial optimization in achieving carbon neutrality goals. Accordingly, a “three-space optimization under carbon constraints” framework is proposed for plateau lake basins: (1) delineate core carbon sink protection zones around the lake and implement carbon compensation mechanisms for construction land expansion; (2) promote ecological transformation of cropland by enhancing the carbon sink potential of marginal farmland through no-tillage and crop rotation; and (3) innovate mechanisms for realizing the value of ecological products by incorporating incremental carbon sinks into the ecological compensation accounting system of the Central Yunnan urban agglomeration. This approach offers a valuable reference model for similar regions facing the dilemmas of development and emission reduction.




5.2. Mechanisms of Policy Influence on Carbon Stocks


This study reveals that policies exert both direct and indirect influences on carbon stock regulation, primarily in the following ways:



5.2.1. Direct Regulatory Effects


Under EP, strict controls on construction land expansion and enhanced protection of high-carbon storage land types such as forest land, grassland, and water bodies significantly improve ecological quality and enhance the regional carbon sink capacity. For example, under this scenario, the area of built-up land in the Dianchi Watershed in 2030 is reduced by approximately 10% compared with that of ND, directly avoiding approximately 104 t of carbon loss, whereas forest land under the ecological plan and grassland increase by approximately 12 × 104 t and 2 × 104 t, respectively. This indicates that well-designed ecological protection policies can directly expand carbon sink areas and effectively reverse carbon stock declining trends. In practice, measures, such as converting farmland to forest or grassland and delineating ecological redlines, act as direct interventions to enhance carbon sequestration by increasing vegetation cover and improving ecological functions [48].




5.2.2. Indirect Regulatory Effects


Policies also indirectly shape the spatial and temporal distribution of carbon stocks by optimizing the territorial spatial layout and guiding urban expansion and agricultural activities more rationally. For instance, under CP, restrictions on the conversion of farmland into construction land help curb uncontrolled urban sprawl and reduce the scale of expansion of building land from 1.2 times under ND to 1.1 times, thereby reducing carbon loss caused by land use change [49]. Furthermore, while advancing regional economic growth, policy measures also encourage the development of environmentally friendly infrastructure and the rollout of habitat rehabilitation initiatives, contributing to long-term improvements in ecosystem structure and carbon cycling [50].




5.2.3. Uncertainty in the Spatio-Temporal Effects of Policies


Although some policies may yield prominent ecological improvements in the short term, their long-term effectiveness is influenced by multiple factors such as economic development, population migration, and external environmental changes [51]. The scenario simulations here show that future changes in carbon stocks are highly dependent on policy enforcement, demonstrating strong scenario dependence and policy sensitivity. Therefore, territorial spatial planning should consider the continuity and regional adaptability of policies and establish dynamic adjustment mechanisms to cope with long-term environmental changes and potential uncertainties.





5.3. Research Limitations and Prospects


Although we made significant advancements in methodology and scenario development, this study has several limitations. First, the InVEST model uses static CD parameters that may not fully capture the interannual variability of subtropical vegetation or respond adequately to the impacts of climate change on carbon stock dynamics. Second, the role of dissolved organic carbon (DOC) in Dianchi Lake was not included in the overall carbon cycle analysis [52]. Future research could address these limitations by integrating dynamic CD datasets, leveraging remote sensing and long-term field observations to enhance model responsiveness, and including aquatic carbon processes within a comprehensive carbon cycle framework.





6. Conclusions


To investigate the carbon effects driven by land use changes in the Dianchi Basin, we evaluated carbon stock changes from 2000 to 2030 using land use data and CD parameters by coupling the PLUS and InVEST models. A systematic analysis of land use transformation and carbon stock dynamics over a 30-year period led to the following key findings:




	(1)

	
Urban expansion has driven sustained cropland loss—a 20.7% reduction from 2000 to 2020—while construction land area has increased by 3.4 times. Simultaneously, ecological restoration efforts contributed to a 16.7% increase in forest land, forming a spatial differentiation pattern of “cropland encroachment in the lakeside development belt and forest restoration in the mountainous ecological zones.” The grassland area initially expanded due to fallow policies before 2010 but experienced a net decline thereafter due to pressure from construction land expansion.




	(2)

	
Carbon stock spatially exhibits a “high in the north, low in the south” aggregation pattern: a high carbon stock is maintained in the northern and mountainous areas due to forest protection, whereas the central lakeshore zone becomes a carbon sink depression due to urban sprawl. Temporally, the carbon stock shows a “rise-then-decline” trend, with a net decrease of 0.33 × 106 t from 2000 to 2020. This loss was mainly attributed to soil carbon depletion from cropland fragmentation and vegetation carbon loss due to expansion of construction land, accounting for 53% of the total reduction.




	(3)

	
By 2030, under ND, carbon stock is projected to decline by 0.16 × 106 t compared with that in 2020, highlighting the potential crisis of carbon loss under current land policies. EP could raise carbon stock to 33.99 × 106 t through forest restoration, although at the expense of a 9% reduction in cropland and a relatively slow urban expansion (only a 10.8% increase in construction land), indicating a shift toward ecological prioritization. CP, balancing moderate urban expansion (12.9% increase from 2020) with enforcement of cropland redlines, achieves an incremental carbon gain of 0.11 × 106 t—proving to be the most effective pathway for harmonizing ecological and economic objectives.
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Figure 1. (a) Location of Dianchi Basin in Yunnan, China; (b) topography of the Dianchi Basin; (c) 2022 land use in the Dianchi Basin. 
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Figure 2. Environment-driven dataset. 
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Figure 3. Flow chart of the study. 
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Figure 4. Statistical map of land area by type, 2000–2020. 






Figure 4. Statistical map of land area by type, 2000–2020.



[image: Agriculture 15 01286 g004]







[image: Agriculture 15 01286 g005] 





Figure 5. Spatial distribution of various LULC types, 2000–2020. 
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Figure 6. LULC types conversion in Dianchi from 2000 to 2020. (a,b) Spatial distributions of LULC type conversions; (c) Sankey diagram of LULC type conversions. The letters in the figure represent the following: C—cropland; F—forest; G—grassland; W—water; B—construction land; U—unused land. Meanwhile, C–G indicates conversion from cropland to grassland. 






Figure 6. LULC types conversion in Dianchi from 2000 to 2020. (a,b) Spatial distributions of LULC type conversions; (c) Sankey diagram of LULC type conversions. The letters in the figure represent the following: C—cropland; F—forest; G—grassland; W—water; B—construction land; U—unused land. Meanwhile, C–G indicates conversion from cropland to grassland.



[image: Agriculture 15 01286 g006]







[image: Agriculture 15 01286 g007] 





Figure 7. Results of multi-scenario land use simulation in Dianchi Watershed in 2030. (a–d) The 2020 LULC and the 2030 LULC for the ND, CP, and EP scenarios, respectively. (a)Ⅰ–(d)Ⅲ Zoomed-in views in their respective figures. 
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Figure 8. Changes in carbon stocks in Dianchi Basin, 2000–2030. 
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Figure 9. Spatial distribution of CS in the Dianchi Basin from 2000 to 2030. (a–c) Distributions in 2000, 2010, and 2020, respectively. (d–f) Distribution of CS under ND, CP, and EP, respectively, for 2030. 
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Figure 10. Spatial distribution of carbon stock increases and decreases. The first graph represents the difference in carbon stocks in 2020 compared to 2000. Similarly, the other three graphs represent the increase or decrease in 2030 compared to 2020. 
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Figure 11. Carbon effects caused by land use transfer. (a–d) CS changes caused by LULC type conversions: (a) between 2000 and 2020, (b) between 2020 and 2030 under ND, (c) between 2020 and 2030 under CP, and (d) between 2020 and 2030 under EP. Color scale represents value intervals as shown: 0–10, 10–50, 0 to −10, −10 to −50. 
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Table 1. Average carbon density of each LULC type in Dianchi (t/ha).
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	Land Use Type
	Aboveground CD
	Belowground CD
	Soil CD
	CD of Dead Organic Matter





	Cropland
	16.83
	11.12
	75.89
	2.11



	Forest
	30.76
	18.40
	100.24
	2.78



	Grassland
	14.59
	17.50
	87.13
	2.42



	Water
	0
	0
	64.09
	1.78



	Unused land
	7.77
	1.55
	34.36
	0



	Built-up land
	10.57
	2.11
	34.45
	0.96










 





Table 2. Land transfer cost matrix.






Table 2. Land transfer cost matrix.





	

	
Natural Development Scenarios

	
Cropland Protection Scenarios

	
Ecological Protection Scenarios




	
a

	
b

	
c

	
d

	
e

	
f

	
a

	
b

	
c

	
d

	
e

	
f

	
a

	
b

	
c

	
d

	
e

	
f






	
a

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
0

	
0

	
0

	
0

	
0

	
1

	
1

	
1

	
1

	
1

	
1




	
b

	
1

	
1

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
1

	
0

	
1

	
0

	
1

	
1

	
1

	
0

	
0




	
c

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
0




	
d

	
1

	
1

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
1

	
0

	
1

	
0

	
1

	
1

	
1

	
0

	
0




	
e

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1




	
f

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
1








Note: a—cropland, b—forest, c—grassland, d—water, e—unused land, f—build-up land.













 





Table 3. Area of land use in Dianchi Basin (km2).
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2000

	
2010

	
2020




	

	
Area

	
Proportion

	
Area

	
Proportion

	
Area

	
Proportion






	
Cropland

	
1139.61

	
39.49%

	
927.82

	
32.15%

	
903.37

	
31.31%




	
Forest

	
931.38

	
32.28%

	
1028.31

	
35.64%

	
1087.27

	
37.68%




	
Grassland

	
443.18

	
15.36%

	
506.47

	
17.55%

	
401.00

	
13.90%




	
Water

	
314.58

	
10.90%

	
307.16

	
10.64%

	
307.49

	
10.66%




	
Unused land

	
4.22

	
0.15%

	
2.36

	
0.08%

	
8.15

	
0.28%




	
Built-up land

	
52.58

	
1.82%

	
113.43

	
3.93%

	
178.28

	
6.18%
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