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Background


Protected areas like national parks play a pivotal role in carbon sequestration, a function essential for achieving global climate mitigation goals as climate change accelerates. However, a significant challenge lies in reconciling conservation mandates with pressures for economic growth within these regions.







Methods


The present study addresses this issue by investigating China’s Hainan Tropical Rainforest National Park (HNTRNP). By integrating 10 natural and socioeconomic variables, we applied the PLUS-InVEST model to quantify historical carbon stock dynamics from 1980 to 2020 and to project future storage capacities for 2035 under various development pathways.







Results


Our results demonstrate that: (1) In the last forty years, there has been a notable rise in forest area alongside a reduction in grassland and arable land. This shift has led to a pattern of carbon storage characterized by an initial decline of 0.65 Tg between 1980 and 2010, succeeded by a swift expansion during the period  2010–2020; (2) he geographic arrangement of carbon stocks has been largely stable, except for marked variations observed in the eastern high-altitude regions, namely Bawangling, Yinggeling, Wuzhishan, and Diaoluoshan; (3) Ecological protection policies effectively curb built land expansion and enhance carbon sequestration. By 2035, carbon storage under the ecological protection (EP) scenario is projected to reach 110.85 Tg, 1.28 Tg (1.17%) higher than the natural development (ND) scenario and 1.64 Tg (1.50%) higher than the tourism development (TD) scenario.







Conclusion


Ultimately, this study informs future land management and conservation efforts within HNTRNP by demonstrating that sustainable socioeconomic development must be synthesized with robust ecological protection.
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1 Introduction


As the specter of global climate change looms large, the terrestrial biosphere’s potential to sequester carbon has emerged as a pivotal subject of scientific inquiry and a fundamental aspect of environmental policy (Goldstein et al., 2020; Ariluoma et al., 2021). As a cornerstone of its sustainable development policy, China’s 2020 “dual-carbon” initiative targets a 2030 carbon peak and 2060 carbon neutrality by simultaneously cutting anthropogenic emissions and boosting ecological carbon sinks. As a pivotal component of this national strategy, the enhancement of ecosystems’ carbon storage and sequestration capacities has emerged as a critical focus for policymakers and researchers globally (Zhong et al., 2023; Yu et al., 2023). Among Earth’s ecosystems, tropical rainforests, with their vast biomass, stand out for their exceptional capability to sequester carbon, a trait that is unmatched by any other biome (Cuni-Sanchez et al., 2021; Li et al., 2022). HNTRNP epitomizes this uniqueness, representing China’s most concentrated, diverse, pristine, and expansive continental tropical island rainforest. Additionally, HNTRNP functions as the ecological cornerstone of Hainan Island, safeguarding regional climate stability and water security through its intact forest canopy and soil carbon stocks. As a national biodiversity flagship with global significance for tropical forest conservation, this ecosystem serves an irreplaceable function in maintaining regional ecological balance and mitigating climate change (Chang et al., 2022). Consequently, it is of paramount practical importance to scrutinize the spatiotemporal dynamics of regional carbon reserves as influenced by land use transformations. It is equally crucial to forecast future carbon storage capacities and their spatial distributions under various development scenarios (Fan et al., 2023; Zhang Y. et al., 2024).


The intricate relationship between land-use alterations and carbon sequestration is a focal point of contemporary environmental science, particularly in the discourse surrounding climate change mitigation (Chang et al., 2022; Huang et al., 2023). Anthropogenic and natural-induced shifts in land cover and usage patterns have a profound bearing on the capacity of tropical rainforest ecosystems like HNTRNP to act as carbon sinks or sources. Unlike temperate forests, which experience seasonal fluctuations in productivity, the year-round warm and humid climate of HNTRNP supports continuous vegetation growth, enhancing its role as a carbon sink. However, this characteristic also makes it highly susceptible to abrupt land-use changes, such as deforestation for infrastructure development (Yue et al., 2020; Guo et al., 2024). The pursuit of global carbon neutrality (Liu et al., 2024) necessitates a thorough understanding of how land-use changes impact carbon sequestration. On a global scale, researchers have widely employed remote sensing and GIS technologies to quantify these effects on carbon stocks (Walker et al., 2022; Zhuang et al., 2022). Integrating comprehensive global land cover datasets, these efforts have delineated the carbon losses attributable to deforestation and land degradation, juxtaposed against the carbon gains from reforestation and afforestation initiatives (Mo et al., 2023). The effects of land-use change on carbon storage vary dramatically worldwide. While deforestation in critical areas like the Amazon and African lowland forests has released vast amounts of carbon (Heinrich et al., 2021; Cuni-Sanchez et al., 2021), afforestation in northern China has proven effective at enhancing carbon sinks (Qiu et al., 2020). However, the permanence of such gains is not guaranteed, as these carbon reservoirs remain susceptible to ongoing and future disturbances.


The methodologies for estimating carbon reserves have evolved from the traditional ground survey techniques to include remote sensing technologies and the integration of models. Although ground surveys offer higher precision, they are constrained in estimating carbon storage over large spatial extents (Zhang D. et al., 2023). Remote sensing methods are particularly well-suited for monitoring the aboveground biomass of specific ecosystems (Zhang et al., 2021). In contrast to these, model simulation methods have gained popularity due to their accessible data acquisition, ease of manipulation, and robust applicability across various scales of carbon storage research (Wang et al., 2022). Amidst a suite of models, the InVEST model distinguishes itself as a powerful tool for estimating carbon storage within a defined region for a specific timeframe, as well as for investigating carbon storage variations triggered by shifts in land use (He et al., 2016; Kusi et al., 2020; Bacani et al., 2024). This model is favored for its modest demand for input parameters, rapid computational speed, and the high precision of its assessments. In the realm of existing scholarly work, the InVEST model has been synergistically combined with a suite of land use simulation models, including CLUES-S (Sun et al., 2023), CA-Markov (Zhong et al., 2022), FLUS (Shao et al., 2023) and SD-CLUE-S (Zhang Z. et al., 2023). Yet, the existing models fall short in effectively discerning how policies influence and direct shifts in land use, and they find it challenging to nimbly model the patch-level dynamics across diverse land use categories. The PLUS model addresses the complexities of land use simulation by integrating a rule-mining framework for land use growth with a mechanism for stochastic patch initiation (Liang et al., 2021; Yin et al., 2024).


Despite the extensive research at broader scales, investigations into smaller, more localized scales, such as those within national parks, are less prevalent. These conserved areas, characterized by limited land-use alterations, harbor stable ecosystems that are instrumental in the sustenance and enhancement of carbon storage (Lama et al., 2024). The establishment of HNTRNP serves as a testament to the significance of such localized studies, enriching our understanding of carbon dynamics at the micro-scale. In the context of China’s ambitious goals to achieve carbon peak and carbon neutrality, this research aligns with the nation’s strategic objectives, offering a pathway to enhance the carbon sink function of protected areas. Despite the recognized importance of tropical rainforests for global carbon storage, a comprehensive, long-term quantitative assessment that links historical carbon dynamics with future conservation planning remains a critical research gap, particularly for vital protected areas like HNTRNP. To provide a scientific basis for conservation management in HNTRNP, this study undertakes a three-stage analysis. The research first quantifies four decades (1980–2020) of spatiotemporal carbon dynamics. It then develops a multi-criteria framework to identify high-priority conservation areas based on carbon storage and other key variables. Lastly, it models future (2035) carbon potential under ecological protection (EP), tourism development (TD), and natural development (ND) scenarios to evaluate the outcomes of different management pathways. The findings are expected to provide actionable insights for conservation policy-making in HNTRNP and offer a replicable methodology for other tropical forest ecosystems globally.






2 Data and methods





2.1 Study region


HNTRNP is located in central Hainan Island, extending from 18°33′16″ to 19°14′16″ N latitude and from 108°44′32″ to 110°04′43″ E longitude (
Figure 1
). It covers most of the eastern Wuzhi Mountain range and the western Limu Mountain range in the south-central region of Hainan Island, covering a total area of 4,269.32 km2. HNTRNP, piloted in 2019 and formally established in September 2021, represents the only “continental island-type” tropical rainforest at the confluence of Asia’s tropical rainforests and the global monsoon evergreen broad-leaved forest belt, acting as a bastion for China’s tropical biodiversity and genetic resources. The park’s boundaries, informed by geographical features such as mountain ranges and water systems, are integrated with national spatial planning, resulting in the delineation into seven distinct management zones: Wuzhishan, Diaoluoshan, Bawangling, Jianfengling, Limushan, Yinggeling, and Maorui. For management purposes, HNTRNP is divided into two distinct zones. The core conservation area, designated as the primary hotspot for tropical rainforests, spans 2,331 km² (54.6% of the park), while the general control area constitutes the surrounding 1,938 km² (45.4%). This zone serves as an expansion buffer for the tropical rainforest and the Hainan gibbon (Nomascus hainanus), while also functioning as a key region for the sustainable socioeconomic development of local communities. Additionally, the general control area is home to 129 natural villages, with a resident population of approximately 22,800 individuals as of 2020.


[image: Top-right map shows a detailed digital elevation model (DEM) of an area highlighting elevation with a color gradient from green (low) to brown (high). It outlines the Hainan Island Tropical Rainforest National Park (HNTRNP) boundary and the seven zones within. A small map on the upper left shows the location of Hainan within China, and a bottom-left map shows the island with the park's boundary. Arrows indicate north. Scales for distance are provided.]
Figure 1 | 
Location and topographical map of HNTRNP.








2.2 Data sources and research framework


The primary datasets for this study include vector boundaries and land use maps, details of which are provided in 
Table 1
. Following the national standard (GB/T 21010-2007), the land use data were classified into six primary categories: cropland, forest, grassland, water bodies, built land, and unused land. The boundaries of the research area were established with reference to the “Master Plan for Hainan Tropical Rainforest National Park (2023-2030),” which delineates core protection and general control areas. For the PLUS model, we selected 10 natural and socioeconomic drivers based on two criteria: their established significance in land-use change studies (Wang S. et al., 2023) and the availability of consistent, long-term spatial data for the study area. These drivers collectively represent key natural constraints (e.g., DEM, slope, precipitation) and anthropogenic pressures (e.g., GDP, population, proximity to roads). Factors such as soil type were excluded due to the lack of high-resolution historical data, while policy intensity was not used as a historical driver as it is explicitly modeled within our three future scenarios. All driver datasets were preprocessed to a consistent 30m resolution and normalized within the PLUS model.



Table 1 | 
Description of the data.





	Data type

	Factors

	Year

	Accuracy

	Resoures






	land use change
	land use
	1980
1990
2000
2010
2020
	30 m
	
https://www.resdc.cn/




	Natural
factors
	NDVI
	2020
	30 m
	
https://www.resdc.cn/




	DEM
	2020
	30 m
	
https://www.resdc.cn/




	slope
	2020
	30 m
	
https://www.resdc.cn/




	precipitation
	2020
	1 km
	
https://data.tpdc.ac.cn/




	temperature
	2020
	1 km
	
https://data.tpdc.ac.cn/




	Socio-economic factors
	GDP
	2020
	1 km
	
https://www.resdc.cn/




	population
	2020
	100 m
	
https://www.worldpop.org/




	proximity to roads
	2020
	/
	OpenStreetMap



	night light
	2020
	500 m
	
https://www.ngdc.noaa.gov/




	proximity to rivers
	2020
	/
	OpenStreetMap











Table 2 | 
Land use transition matrix under different scenarios.





	ND scenario




	 

	Crop

	Forest

	Grass

	Water

	Built






	Crop
	1
	1
	1
	0
	1



	Forest
	0
	1
	1
	0
	0



	Grass
	1
	1
	1
	1
	1



	Water
	1
	0
	1
	1
	0



	Built
	0
	0
	1
	0
	1



	TD scenario




	 
	Crop
	Forest
	Grass
	Water
	Built



	Crop
	1
	0
	0
	1
	1



	Forest
	1
	1
	1
	0
	1



	Grass
	1
	1
	1
	1
	1



	Water
	1
	0
	1
	1
	1



	Built
	0
	0
	0
	0
	1



	EP scenario




	 
	Crop
	Forest
	Grass
	Water
	Built



	Crop
	1
	1
	1
	0
	0



	Forest
	0
	1
	0
	0
	0



	Grass
	0
	1
	1
	0
	0



	Water
	0
	1
	1
	1
	0



	Built
	1
	1
	1
	1
	1







This matrix defines whether a conversion from an original land use type (row) to a target type (column) is permitted (‘1’) or prohibited (‘0’) within the PLUS model. These rules are customized for each scenario to reflect different policy constraints. For example, the conversion of ‘forest’ to ‘built’ land is prohibited under the Ecological Protection scenario but is permitted under the Tourism Development scenario to simulate infrastructure growth.




This study examines carbon storage dynamics in the HNTRNP, emphasizing the equilibrium between ecological preservation and economic progress amidst global climate change and dual carbon objectives. We modeled the spatiotemporal dynamics of carbon storage using an integrated PLUS-InVEST approach. Historical analysis (1980–2020) was conducted using the InVEST model. Future land-use scenarios were then simulated with the PLUS model, which was parameterized using ten key natural and socioeconomic indicators to provide a multifaceted assessment. Building on this, the study further projects carbon storage levels for 2035 under various development pathways, examining the influence of distinct socioeconomic scenarios on ecological conservation outcomes. 
Figure 2
 shows the methodological workflow.


[image: Flowchart detailing a land use simulation model. It includes data from land use and driving factors, using both natural environment and socio-economic data. The model uses techniques like Random Forest and cellular automata (CA) to simulate land expansion and growth probabilities. It assesses carbon density using InVEST software, performs comparative analyses in seven zones, and forecasts carbon stocks under various scenarios. The outcomes aim to inform resource management and policy formulation for the period 1980 to 2035.]
Figure 2 | 
The conceptual framework of this study.








2.3 Methods





2.3.1 The PLUS model


To simulate future landscape patterns, this study employs the Patch-generating Land Use Simulation (PLUS) model. An advanced cellular automaton (CA) framework developed by Liang et al. (2021), the PLUS model overcomes the limitations of traditional approaches by integrating a two-stage process. First, the Land Expansion Analysis Strategy (LEAS) module uses a random forest algorithm to analyze the relationship between historical land-use expansion (derived from two temporal datasets) and a set of specified driving factors, thereby determining the growth probability for each land-use type. Subsequently, the Cellular Automata for Random Seeds (CARS) module simulates the future landscape by modeling the competitive dynamics among different land uses at the patch level. This simulation is guided by domain weights, a critical parameter calibrated from the historical expansion proportion of each land-use category, to govern the allocation of land-use changes. The model’s demonstrated superiority in both simulation accuracy and its ability to capture the mechanisms of landscape change makes it highly suitable for this research.





2.3.1.1 Driving factors


To ensure the model’s predictive accuracy, we first calibrated and validated it using historical data from 2000 to 2020. The model was parameterized with ten key driving factors, selected based on the environmental characteristics of Hainan and established literature (Yin et al., 2024). These drivers encompass natural conditions (elevation, slope, temperature, precipitation, NDVI, distance to water bodies) and socioeconomic indicators (distance to roads, Nighttime Light Index, GDP density, population density), as detailed in 
Figure 3
. The LEAS module was trained on observed land-use transitions between 2000 and 2010 to generate development probability surfaces for each land-use type and quantify the contribution of each driver. Subsequently, using the 2010 land-use map as a baseline and these probability surfaces as input, the CARS module simulated the 2020 landscape. A comparison of the simulated 2020 map against the actual observed map yielded robust validation metrics: a Kappa coefficient of 0.95, an overall accuracy of 0.97, and a Figure of Merit (FOM) of 0.253. These results confirm the model’s high fidelity and its suitability for reliably projecting land-use scenarios for the year 2035.


[image: A series of maps showing geographic and demographic data over a region. The top row includes maps for elevation and population, where elevation is color-coded from low (blue) to high (red), and population uses a similar scale. The second row shows NDVI and GDP, with NDVI from low (blue) to high (red), and GDP using the same scale. The third row provides maps for slope and nightlight, using a gradient from low (blue) to high (red). The bottom row contains precipitation and proximity to rivers on the left, and temperature and proximity to roads on the right, each using similar color gradients. Each map includes a scale bar and north arrow.]
Figure 3 | 
Driving factors of land use change in HNTRNP.








2.3.1.2 Scenario setting


The design of future land-use scenarios was guided by prior research (Zhang Y. et al., 2024), validated through key policy documents like the Master Plan for HNTRNP (2023–2030), and refined based on consultations with the Hainan Forestry Bureau. Three scenarios were developed—Natural Development (ND), Tourism Development (TD), and Ecological Protection (EP)—based on distinct sets of explicit assumptions and land-use transition constraints (
Table 2
):


	
Natural Development (ND) Scenario: This scenario serves as a business-as-usual baseline. We assumed that land-use change dynamics would follow the historical trajectory observed between 2010 and 2020. The transition probabilities were directly calculated from this period’s land-use data, with no new policy constraints imposed. This approach provides a benchmark for evaluating the impact of the other two policy-driven scenarios.


	
Tourism Development (TD) Scenario: This scenario models the strategic push for economic growth under Hainan’s “International Tourism Island” initiative. The core assumption is that demand for tourism infrastructure will drive the expansion of built areas. This was implemented by: (a) increasing the transition probability of cropland and unused land converting to built land, particularly in areas with high development suitability (e.g., proximity to existing towns and major transportation routes); and (b) prohibiting inefficient reverse conversions, such as from built land back to cropland. Crucially, to reflect the national park’s fundamental mandate, the direct conversion of core forestland to built land remained strictly prohibited.


	
Ecological Protection (EP) Scenario: This scenario fully embodies HNTRNP’s conservation mandate and aligns with “no-deforestation” and carbon sequestration goals. The primary assumptions were: (a) a strict zero-conversion policy for all forestland, meaning its transition probability to any other land-use type was set to zero; and (b) proactive ecological restoration, modeled by increasing the transition probability of grassland to forestland, especially in ecologically sensitive areas or zones designated for reforestation. This scenario prioritizes the enhancement of ecosystem services and carbon storage above all other land uses.










2.3.2 Carbon storage calculation based on the InVEST model


To evaluate carbon storage dynamics, we employed the InVEST model’s carbon module. Following the methodology described by Babbar et al. (2021), this tool calculates total carbon stocks by summing the carbon stored in four key components: aboveground biomass, belowground biomass, soil, and dead organic matter. The specific formulas used to compute the total carbon for each land-use type are as follows:
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where i denotes the number of land use types, Ci-total
 represents the total carbon storage for all land types, while Ci-above
, Ci-below
, Ci-soil
, and Ci-dead
 represent the carbon densities in the aboveground and belowground biomass, soil, and dead organic matter for the i-th land use type, respectively. Ai
 signifies the area corresponding to the i-th land use type. This formula allows for a detailed accounting of carbon sequestration across different ecosystem components, providing a nuanced view of carbon dynamics within HNTRNP. The final carbon density values for each land-use type in HNTRNP were derived by adapting a national dataset from the National Ecological Science Data Center, using the correction framework established by Gong et al. (
Table 3
).



Table 3 | 
Regional carbon densities of different land use types of HNTRNP (t/hm2).





	Land use type

	Aboveground carbon density

	Underground carbon density

	Soil carbon density

	Carbon density of dead organic matter






	Crop
	20.36
	67.50
	108.40
	1.00



	Forest
	46.50
	80.80
	160.00
	7.80



	Grass
	4.30
	86.50
	89.02
	0.00



	Water
	0.00
	0.00
	0.00
	0.00



	Built
	0.74
	0.13
	69.92
	0.00
















3 Results





3.1 The evolution of land use within HNTRNP (1980 - 2020)


An analysis of the landscape composition reveals a matrix dominated by forest land, which occupies over 87% of the study area (
Table 4
). Anthropogenic features such as residential land are sparse, covering less than 2% of the total area. Between 1980 and 2020, the forest land area rose from 3,628.06 km² to 3,822.26 km², an increase of 194.20 km², demonstrating a sustained upward trajectory. Water bodies and residential areas also increased, by 33.89 km² and 1.25 km², respectively, during the 40-year span, with stability observed until 2000, followed by a swift growth phase. Conversely, grasslands and croplands have seen a steady decline, decreasing by 178.08 km² and 49.26 km², respectively. The decrease in grasslands was more substantial in the initial years, whereas the reduction in croplands became more pronounced after 2000. The overall land use transformation in HNTRNP is marked by a notable decrease in both grassland and cropland, contrasted with a substantial increase in forested areas.



Table 4 | 
Land use area (km2) and proportion (%) in HNTRNP from 1980 to 2020.





	Land use type

	1980

	1990

	2000

	2010

	2020




	Area

	Proportion

	Area

	Proportion

	Area

	Proportion

	Area

	Proportion

	Area

	Proportion






	Crop
	198.74
	4.66%
	196.35
	4.60%
	196.30
	4.60%
	153.53
	3.60%
	149.48
	3.50%



	Forest
	3628.06
	87.35%
	3700.96
	89.06%
	3761.08
	90.46%
	3795.82
	91.27%
	3822.26
	91.89%



	Grass
	376.86
	8.83%
	306.36
	7.18%
	246.29
	5.77%
	218.52
	5.12%
	198.78
	4.66%



	Water
	58.32
	1.37%
	58.31
	1.37%
	58.32
	1.37%
	93.72
	2.20%
	90.21
	2.11%



	Built
	7.34
	0.17%
	7.34
	0.17%
	7.33
	0.17%
	7.73
	0.18%
	8.59
	0.20%










The land use transition dynamics in HNTRNP from 1980 to 2020 are illustrated in 
Figure 4
 and 
Figure 5
. Grasslands were the predominant outgoing land type, transferring an area of 116.22 km², which constituted 50.10% of the total outgoing area, primarily into forest land, cropland, and water bodies, accounting for 53.73%, 36.77%, and 9.34% of the transitions, respectively. Cropland transitions accounted for 43.54 km², or 18.77% of the total outgoing area, predominantly converting into water bodies (48.30% of outgoing cropland area) and forest land (47.22% of outgoing cropland area). Conversely, transitions to water bodies and built-up area were minimal, collectively comprising only 3.74% of the total outgoing land area. Analyzing incoming land types, cropland and forest land were the primary recipients, with 86.77 km² and 84.50 km² transitioning in, predominantly from grasslands. These transitions contributed 49.25% and 73.90% to the incoming areas of cropland and forest, respectively. The mutual transition between crop and forest also played a significant role. The incoming area for water bodies was 37.16 km², with over 90% resulting from the conversion of cropland. A notable example is the Daguangba Reservoir in Ledong County, where the water area increased by 33.25 km² between 1980 and 2020 (see 
Figure 5F
), primarily due to the submersion of cropland for hydropower construction. Overall, the defining characteristic of land use transitions in HNTRNP over the 40-year period was the interconversion among grasslands, forest land, and cropland.


[image: Sankey diagram illustrating land use changes from 1980 to 2020, with categories forest, grass, crop, built, and water. Forest remains dominant throughout, while others like grass and crop show minor variations.]
Figure 4 | 
Sankey diagram of land use transfer.




[image: Maps labeled A to F show land cover classifications, including crop, forest, grass, water, and built areas in various colors over a region. Map F highlights a zoomed-in section with more detail from panels A and E. Each map includes a scale bar and compass for orientation.]
Figure 5 | 
Spatial–temporal evolution of land use in HNTRNP from 1980 to 2020. (A) 1980; (B) 1990; (C) 2000; (D) 2010; (E) 2020; (F) comparing specific areas between 1980 and 2020.








3.2 Carbon storage dynamics (1980-2020)


Over the four-decade study period (1980-2020), the spatial distribution of carbon storage in HNTRNP remained remarkably stable, a pattern that directly mirrors the region’s consistent, forest-dominated land use. As expected, carbon stocks were concentrated in high-density forest ecosystems, while the lowest values were consistently found in water bodies and built-up land, such as those in the Bawangling and Wuzhishan areas, respectively (
Figures 6A, B
). Despite this overall spatial stability, the net change in total carbon storage fluctuated between different time intervals. To precisely identify the locations of these subtle changes, we delineated the study area into three categories: zones of carbon increase, decrease, and relative stability.


[image: Maps showing changes in carbon storage in a region from 1980 to 2020. Panels (A) and (B) depict carbon storage levels for 1980 and 2020, where green denotes high and brown low storage. Panels (C) to (F) illustrate changes in carbon storage for decades 1980-2020, highlighting areas of decrease in red, unchanged in white, and increase in green. Seven major regions including Banwangling, Yinggeling, and Wuzhishan Area are outlined, with the boundary of HJRTNP marked.]
Figure 6 | 
Characteristics of carbon storage and spatial changes in HNTRNP from 1980 to 2020. (A, B) show the spatial distribution of carbon storage in 1980 and 2020, respectively; (C–E, F) depict the changes from 1980–1990, 1990–2000, 2000–2010, and 2010–2020.




From 1980 to 2000, carbon storage remained relatively stable, with an increase of only 0.07 Tg over the 20-year period, marking the smallest variation during this time (see 
Figures 6E, F
). However, between 2000 and 2010, significant fluctuations occurred, with marked decreases primarily observed in the Bawangling region’s Changjiang River basin. Between 2000 and 2010, carbon storage exhibited a notable decline of 0.65 Tg, marking the most significant fluctuation observed during the study period. From 2010 to 2020, carbon sequestration within the HNTRNP region displayed a gradual ascending trend, with isolated instances of significant increase noted in the eastern part of the Changjiang River basin and the western reaches of the Diaoluoshan area.


The 2020 data in 
Table 5
 further corroborate this spatial differentiation: subregions such as Yinggeling (CV = 10.53%) and Jianfengling (CV = 5.75%) have maintained high carbon density (280.50–285.30 t/hm²) and low coefficients of variation through continuous protection, indicating enhanced ecosystem stability. The low CV in northern Limushan (CV = 7.12%) reflects that ecological restoration policies have effectively promoted uniform carbon distribution. In contrast, marginal areas (e.g., Bawangling, Diaoluoshan), affected by reservoir construction and tourism development, exhibit reduced carbon density (210.70–225.80 t/hm²) and elevated CV (15.70–23.11%), with significantly intensified spatial heterogeneity. This differentiation pattern reveals the impact mechanism of nature conservation and human activities on carbon storage—strict protection maintains carbon distribution stability, while disturbances lead to fragmented carbon storage.



Table 5 | 
Statistical characteristics of carbon storage in seven regions (2020).





	Subregion name

	Area (km²)

	Mean carbon density (t/hm2)

	Coefficient of variation (CV, %)

	Proportion of high-carbon areas (%)






	Jianfengling
	655.72
	285.3
	5.75
	91.45



	Bawangling
	833.86
	225.8
	23.11
	86.33



	Yinggeling
	864.60
	280.5
	10.53
	88.40



	Limushan
	508.02
	255.6
	7.12
	87.52



	Wuzhishan
	543.42
	240.4
	12.15
	87.36



	Diaoluoshan
	478.53
	210.7
	15.70
	82.79



	Maorui
	385.16
	278.2
	7.78
	87.86



	TOTAL
	4269.32
	257.9
	12.66
	87.75














3.3 Spatiotemporal changes in carbon storage under multi-scenario land use simulations


To explore potential land use trajectories, we employed the PLUS model to simulate patterns for the year 2035 under several development scenarios. The resulting projections, detailed spatially in 
Figure 7
 and quantified in 
Table 6
, reveal a key trend: while the overall land-use structure of HNTRNP is expected to remain stable, significant transformations are concentrated in localized areas. For instance, the ND scenario projects a contraction in cropland, water bodies, and built land by 2.75 km², 3.21 km², and 0.47 km², respectively. Conversely, forestland and grassland showed an upward trend, increasing by 3.51 km² and 2.92 km², respectively. In the TD scenario, the area of forestland, grassland, and water bodies all decreased, with reductions of 21.18 km², 5.81 km², and 0.94 km², respectively, while cropland expanded by 25.39 km² and built-up area increased by 2.62 km². Under the EP scenario, following the implementation of policies such as the National Park Ecological Protection Law and improvements in ecological environment monitoring, the forestland area saw a substantial increase of 81.84 km², primarily converted from cropland and grassland. Concurrently, the expansion of urban land was effectively curbed, with the increased area reduced to 5.43 km².


[image: Three maps show different land use scenarios (ND, TD, EP) labeled A, B, and C, using colors for crop, forest, grass, water, and built areas. A zoomed-in comparison of the Diaoluo Mountain Area is shown in section D. Each map indicates varying extents of land use with a focus on the named areas like Baowangling and Wuzhishan.]
Figure 7 | 
Simulation results of land use under different scenarios in HNTRNP in 2035. (A) ND scenario; (B) TD scenario; (C) EP scenario; (D) Zoomed-in comparison of the Diaoluo Mountain Area under different scenarios.





Table 6 | 
Land use type area statistics under three scenarios for 2035 (/km²).





	Land use type

	2020

	2035-ND

	2035-TD

	2035-EP






	Crop
	149.48
	146.73
	174.87
	107.16



	Forest
	3822.26
	3825.77
	3801.08
	3904.10



	Grass
	198.78
	201.70
	192.97
	168.10



	Water
	90.21
	87.00
	89.27
	84.53



	Built
	8.59
	8.12
	11.21
	5.43







The table compares the baseline land use areas from 2020 with the projected areas for 2035 under three distinct scenarios: ND (Natural Development), which extrapolates current trends; TD (Tourism Development), which prioritizes economic growth and infrastructure; and EP (Ecological Protection), which enforces strict conservation policies.




The results demonstrate that targeted ecological protection measures can serve as an effective brake on urban sprawl. Without such interventions, as modeled in the other two scenarios, built-up areas are projected to expand in line with a business-as-usual trajectory. Under ecological protection, although cropland and grassland shrink, forestland—crucial for ecological stability—experiences a significant increase. Implementing these protective measures would limit the spread of cropland and built-up area, benefiting regional environmental conservation. By 2035, the spatial distribution of land use is projected to align with traditional patterns, driven by national park policies that convert large areas of cropland and grassland into forestland. Forestland will dominate, covering more than 90% of the total area. Most cropland changes will occur in the eastern Diaoluoshan area, where cropland is expected to decrease by 28.31% under the EP scenario. In contrast, built-up area will contract more rapidly, with a reduction of up to 36.79%, primarily in the urban and suburban areas of the Wuzhishan. Additionally, ecological migration policies will reduce scattered mountain settlements, further accelerating the reduction in built-up area.


The spatial distribution of the total carbon storage in HNTRNP for the year 2035 under three scenarios, as depicted in 
Figure 8
, shows no significant deviation from the data recorded in 2020. The total carbon storage levels are predominantly maintained around 110 Tg, with the EP scenario exhibiting the highest carbon storage at 110.85 Tg, followed by the ND scenario with 109.57 Tg, and the TD scenario with the lowest predicted value of 109.21 Tg. These findings suggest that despite different developmental trajectories, the carbon sequestration capacity of HNTRNP has remained relatively stable, likely due to effective ecological conservation and management strategies. The park’s landscape is overwhelmingly dominated by high-density carbon sinks. In contrast, areas of low carbon storage are sparse and geographically confined, appearing primarily as pockets within the eastern reservoir wetlands and as isolated patches of grassland and rural settlements in the central region. This distribution indicates that the forest ecosystems in these regions possess high carbon density and significant carbon sequestration potential. These ecosystems stabilize the regional carbon cycle, bolster carbon sink capacity, and aid in mitigating global climate change.


[image: Six-panel map series showing carbon storage and changes in a specific region. Panels A, B, and C depict detailed maps of carbon storage levels, ranging from high to low, with distinct geographical boundaries. Panels D, E, and F illustrate changes in carbon storage, highlighting areas of increase, decrease, and no change using color-coding. Each panel includes geographical demarcations with labeled regions, a scale bar, and orientation markers.]
Figure 8 | 
Characteristics of carbon storage and spatial changes in HNTRNP under different scenarios in 2035. (A–C) represent the predicted distribution of carbon storage for the ND, TD, and EP and EP scenarios in 2035, respectively; (D–F) represent the distribution of differences between the predicted carbon storage values and the actual carbon storage values in 2020 for the three scenarios of ND, TD, and EP, respectively.




The implementation of a zoned management strategy in HNTRNP unveils unique ecological and carbon storage characteristics in diverse regions. A comparative assessment of carbon storage dynamics in the seven primary zones is essential to assess their individual roles in carbon sequestration and identify key zones crucial for maintaining overall carbon storage stability in the park. This evaluation empowers park management to allocate resources strategically, enhance protection in critical areas, and enact tailored ecological restoration initiatives in specific zones, thereby bolstering the park’s role as a carbon sink. Comparing the carbon storage patterns in HNTRNP for the year 2035 under the ND and TD scenarios to those in 2020, the data predominantly indicate a reduction in carbon sequestration across the park’s sectors (
Table 7
). Most notably, under the TD scenario, the reduction in carbon storage significantly surpasses the increase, with a striking ratio of 10.31. The primary areas of decrease are located in the Bawangling, Diaoluoshan, and Wuzhishan subregions, which is linked to the concentrated distribution of built and water bodies, making these areas prime for ecological tourism development. Such development could lead to irreversible land-use conversions, thereby adversely affecting the park’s carbon storage capacities and ecological services. Conversely, the EP scenario predicts an opposite trend, with an increase in carbon storage that exceeds the reduction, dropping the ratio to 2.58. A ranking of the increased carbon storage areas among the seven zones is as follows: Yinggeling (54.23 km²) > Bawangling (48.03 km²) > Diaoluoshan (31.70 km²) > Wuzhishan (30.31 km²) > Limushan (29.85 km²) > Maorui (29.78 km²) > Jianfengling (6.33 km²). It is noteworthy that the Wuzhshan area also shows a substantial reduction in carbon storage (40.94 km²), attributable to the intensive distribution of built and crop and the resulting land-use changes within this zone.



Table 7 | 
Land area statistics in 7 subregions for carbon storage changes in HNTRNP under 3 scenarios in 2020 and 2035 (km2).





	Subregions

	ND

	TD

	EP




	Decrease

	Unchanged

	Increase

	Decrease

	Unchanged

	Increase

	Decrease

	Unchanged

	Increase






	Jianfengling
	0.18
	655.44
	0.10
	0.72
	654.98
	0.02
	0.78
	648.61
	6.33



	Bawangling
	2.6
	823.46
	7.80
	9.02
	824.25
	0.59
	7.31
	778.52
	48.03



	Yinggeling
	2.38
	861.71
	0.51
	5.04
	858.58
	0.98
	16.97
	793.40
	54.23



	Limushan
	1.99
	505.66
	0.37
	4.07
	503.45
	0.5
	19.69
	458.48
	29.85



	Wuzhishan
	2.61
	540.32
	0.49
	6.53
	535.85
	1.04
	40.94
	472.17
	30.31



	Diaoluoshan
	1.93
	474.73
	1.87
	7.79
	470.26
	0.48
	1.74
	445.09
	31.7



	Maorui
	0.34
	384.78
	0.04
	4.46
	380.66
	0.04
	1.68
	353.70
	29.78



	TOTAL
	12.03
	4246.11
	11.18
	37.63
	4228.04
	3.65
	89.11
	3949.98
	230.23















4 Discussion





4.1 The value of carbon storage in national park


As one of China’s inaugural national parks, HNTRNP protects a core tropical ecosystem where exceptional biodiversity and high carbon density are vital for regional ecological balance (Wei et al., 2024). Consequently, quantifying its carbon storage is essential. Such an assessment serves a dual purpose: it clarifies the park’s potential contribution to China’s national “dual carbon” strategy and provides a scientific foundation for leveraging national parks in global climate governance. (Nandal et al., 2023). While the literature on forest carbon storage is robust (Wu et al., 2023; Zhang H. et al., 2024), the role of tropical montane rainforests as carbon sinks in global climate research has been relatively underexplored (Pan et al., 2024). The rainforest ecosystem in central Hainan exhibits considerable carbon storage capacity and, due to its rich biodiversity, holds notable ecological value in global climate response (Wang J. et al., 2023; Du et al., 2024). However, Hainan’s economic development, combined with the expansion of infrastructure and agricultural operations, poses an increasing threat to the ecology. This might lower forest cover, hinder carbon sequestration, and even turn the land into a carbon source. Furthermore, biodiversity loss and ecosystem degradation threaten regional ecological security and climate stability (Lapola et al., 2023).


Disentangling the effects of human pressures from the outcomes of conservation initiatives on Hainan’s rainforest requires a spatiotemporal analysis of how land-use change governs its carbon storage capacity. While the PLUS–InVEST modeling framework is widely used, our study provides a novel contribution through its application to HNTRNP—China’s only large-scale tropical rainforest ecosystem and a globally significant carbon sink. This study specifically examines the HNTRNP, utilizing GIS and the InVEST carbon storage module to analyze spatial carbon storage patterns and predict the consequences of different land-use scenarios. By addressing existing gaps in carbon storage data for Hainan’s rainforest, this research provides valuable insights for ecological protection and management within national parks. The results not only establish a scientific foundation for sustainable management of the Hainan rainforest but also contribute to regional carbon balance, promote low-carbon development in Hainan and beyond, facilitate the transition from carbon sources to sinks, optimize national ecological security, and significantly advance the implementation of the “dual carbon” strategy.


HNTRNP, as a core tropical ecosystem and one of China’s first national parks, holds unique biodiversity and substantial carbon storage capacity, which are critical for regional carbon balance (Wei et al., 2024). Our study reveals that the park’s average carbon density (257.65 Mg/hm², 
Table 5
) is 38% higher than Hainan’s provincial average (163.70 Mg/hm², Wu et al., 2024) and surpasses coastal mangrove forests (217.00 Mg/hm², Shi et al., 2024), underscoring its role as a key carbon sink. This aligns with the global tropical rainforest average (241.6 Mg/hm², Pan et al., 2011), validating the park’s significance in climate mitigation.


However, our temporal analysis (1980–2020) reveals a “increase-decrease-increase” trajectory in carbon storage, with a notable decline of 0.65 Tg between 2000–2010 (
Figure 6
). This decline correlates with the conversion of 23.5 km² cropland to water bodies in Bawangling due to the Daguangba Reservoir (
Table 5
, CV = 23.11%), demonstrating how infrastructure development can fragment carbon storage. Conversely, the post-2010 rebound (0.58 Tg increase) is attributed to grassland-to-forest conversion in Wuzhishan and Limushan (
Table 5
, carbon density: 240.40–255.60 Mg/hm²), illustrating the effectiveness of ecological restoration policies. Overall, the results fall within the confidence intervals established by previous research, with the calculated average suggesting a slight overestimation of the total carbon storage in Hainan’s tropical rainforest ecosystem. This highlights areas that warrant further review and refinement in future modeling efforts.






4.2 Determinants of carbon storage in HNTRNP


Land use patterns directly impact terrestrial ecosystems and subsequently explain the variance in regional carbon storage, as corroborated by substantial research (Cuni-Sanchez et al., 2021; Yao et al., 2024). Forest and cropland are typically the predominant land types contributing to regional carbon sinks (Seitz et al., 2023), while the expansion of built-up areas represents an important factor reducing carbon stocks (Gong et al., 2023). Therefore, this study further assessed the contributions of 10 influencing factors to forestland, cropland and built-up areas (as shown in 
Figure 9
), providing insights into the drivers underlying spatial changes in carbon storage. In HNTRNP, where forests comprise over 80% of the landscape, elevation, NDVI, and hydrological proximity emerged as primary determinants of carbon storage capacity. The positive correlation between forest distribution and elevation aligns with ecoclimatic theory, as cooler temperatures and increased precipitation at higher altitudes foster the growth of carbon-dense tropical tree species (Pan et al., 2024). The results demonstrate that high-elevation areas like Yinggeling and Jianfengling are stable, high-value carbon sinks (high density, low CV). Management should therefore prioritize and reinforce strict protection policies in these core zones to safeguard the park’s most critical carbon assets. These areas should be designated as “no-go” zones for any new infrastructure or intensive tourism.


[image: Bar charts compare the contribution of factors to different land types: Forest, Crop, and Built. In Forest, DEM and NDVI contribute most. For Crop, NDVI and DEM are significant. In Built areas, POP and SLOPE have the highest contributions. The horizontal axis represents contribution values, while the vertical axis lists factors like NIGHTLIGHT, GDP, and others.]
Figure 9 | 
Contribution of driving factors to forest, crop and built in HNTRNP. NIGHTLIGHT refers to nighttime light index; GDP is Gross Domestic Product; DEM is Digital Elevation Model (here referring to altitude); ROAD is buffer distance from roads; RIVER is buffer distance from water bodies; PRE is precipitation; POP is population density; TEM is air temperature; NDVI is Normalized Difference Vegetation Index.




Built land expansion in HNTRNP is primarily governed by population density, topographic slope, and transportation networks, consistent with Hainan’s broader urbanization trajectory (Yao et al., 2024). The clustering of built-up areas in low-lying, accessible regions reflects economic efficiency but exacerbates deforestation and habitat fragmentation, thereby threatening carbon sinks. The spatiotemporal dynamics of carbon storage within HNTRNP are strongly linked to major land-use changes driven by both policy and infrastructure projects. The most significant fluctuation—the sharp decline between 2000 and 2010—can be directly attributed to the construction of the Daguangba Reservoir. This project led to the inundation of vast areas of cropland, resulting in a substantial loss of terrestrial carbon storage in the Bawangling region. Concurrently, ecological restoration efforts in other areas, such as the shift from grassland to forest cover in Wuzhishan and Limushan, partially offset these losses, highlighting the competing influences on the park’s carbon budget.






4.3 Limitations of the forecast results


The spatiotemporal changes in land cover and carbon stocks of HNTRNP were identified in this work by combining the PLUS-InVEST models based on land use data. However, the models’ forecasting skills are limited (Wu et al., 2024). First, there is a scarcity of study on the carbon concentrations of various land use types in HNTRNP and other tropical rainforest locations in China. This study adopted carbon density values from established inventories for adjacent regions (Liu et al., 2023; Zhang D. et al., 2023), as site-specific measurement data for HNTRNP’s unique tropical montane rainforests remain limited. While this approach adheres to standard practices for landscape-scale carbon modeling, it may not fully resolve microhabitat variations within the park. Future research should prioritize ground-based LiDAR scanning and long-term flux monitoring to develop ecosystem-specific carbon assessment frameworks, thereby enhancing the accuracy of regional carbon modeling; second, the carbon sequestration efficiency of tropical rainforest ecosystems is twice that of other terrestrial forest ecosystems, placing them among those with the highest carbon density (Yao et al., 2024). However, this study’s land use classification lacked sufficient granularity, such as failing to distinguish between natural and plantation forests or the carbon density differences between trees and shrubs, which may affect simulation accuracy (Lázaro-Lobo et al., 2023); simultaneously, fluctuations in carbon density influenced by factors including terrain, vegetation types and soil types were not considered in the model calculations (Rahbar Alam Shirazi et al., 2023), which could impact the simulation outcomes.







5 Conclusions


To understand the historical and future trajectories of land use and carbon storage in HNTRNP, this study applied the PLUS and InVEST models. We first quantified land use changes and their effects on carbon stocks between 1980 and 2020, and then forecasted these dynamics forward to 2035 under various scenarios. This study concludes that: (1) A retrospective analysis spanning 40 years revealed that land use changes in HNTRNP was primarily driven by reciprocal conversions between forest and cropland/grassland, concentrated mainly in the central Bawangling and Yinggeling regions as well as in Wuzhishan and the eastern Diolaoshan areas, demonstrating an overall spatial pattern characterized by dispersed but concentrated changes. (2) Carbon storage in the study area’s ecosystems initially decreased before increasing, totaling 110 Tg while maintaining relative stability, attributed primarily to comprehensive forest protection and systematic restoration implemented across Hainan Province since the 1990s, preserving relative stability in regional land use types. (3) In three simulated scenarios, the projected total carbon storage for 2035 showed consistent levels across two scenarios—remaining stable in line with 2020 levels in the ND scenario and increasing under the EP scenario. This reflects the efficacy of ecological protection policies in safeguarding high carbon density areas such as forests and grasslands, consequently boosting ecosystem carbon sequestration capacities. Future research should prioritize developing ecosystem-specific carbon assessment frameworks for HNTRNP through field measurements. Moreover, to enhance the robustness of forecasts, future modeling efforts should incorporate sensitivity analyses—for example, by using a range of plausible carbon density values to generate confidence intervals around the projections, thereby providing a clearer picture of the potential variability in future carbon storage.
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