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Abstract

:

In the context of achieving global carbon neutrality, forests play a pivotal role in sequestering atmospheric CO2, particularly in China, where forest management is central to national climate strategies. This study evaluates the forest carbon sink capacity in Zixi County, a subtropical region, under varying climate scenarios (SSP2-4.5 and SSP5-8.5). Using the Forest-DNDC (Denitrification–Decomposition) model, combined with high-precision climate data and a random forest model, we simulate forest carbon density and forest carbon sink under different management strategies. The results indicate that under the baseline scenario, forest carbon density in Zixi County increases by 31% over 42 years under the SSP2-4.5 climate scenario and by 28.6% under SSP5-8.5. In the enhancing economic scenario, carbon density increases by 8.5% under SSP2-4.5 and by 7.2% under SSP5-8.5. For the natural development scenario, a significant increase of 130% is observed under SSP2-4.5, while SSP5-8.5 shows an increase of 120%. Spatially, forest carbon sinks in Zixi County total 843,152 T C in 2020, 542,852 T C in 2030, and 877,802 T C in 2060 under the baseline SSP2-4.5 scenario; under SSP5-8.5, these values are 841,321 T C in 2020, 531,301 T C in 2030, and 1,016,402 T C in 2060. In the enhancing economic scenario, the total carbon sink is 34,650 T C in both 2020 and 2030, increasing to 427,351 T C in 2060 under SSP2-4.5, while under SSP5-8.5, it is 46,200 T C in 2020, 34,650 T C in 2030, and 415,801 T C in 2060. The natural development scenario shows the total carbon sink under SSP2-4.5 as 11,157,332 T C in 2020, 3,441,910 T C in 2030, and 1,409,104 T C in 2060, and under SSP5-8.5, it is 10,903,231 T C in 2020, 3,337,960 T C in 2030, and 1,131,903 T C in 2060. Spatial analysis reveals that elevation and forest type significantly affect carbon density, with high-altitude areas and forests dominated by Chinese fir and broadleaf species showing higher carbon accumulation. The findings highlight the importance of targeted forest management, prioritizing species with higher carbon sequestration potential and considering spatial heterogeneity. These strategies, applied locally, can contribute to broader national and global carbon neutrality efforts.
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1. Introduction


The long-term goals of the Paris Agreement include keeping “the increase in global average temperature to well below 2 °C” (Article 2) and aiming to achieve, in the second half of this century, a balance between global “anthropogenic emissions by sources and removals by sinks of greenhouse gases” (Article 4) [1]. It is widely accepted that “anthropogenic” applies to both emissions and removals [2]. Achieving this balance requires substantial reductions in both fossil fuel-based and land-use-based greenhouse gas emissions, while also creating net CO2 sinks (negative emissions) [3], particularly through forests, which play a crucial role in global climate regulation [4,5,6].



Several approaches have been developed to simulate carbon cycling and greenhouse gas emissions, such as the process-based models Century, Biome-BGC, and LPJ (Lund-Potsdam-Jena), which model ecosystem processes, as well as the DNDC model, which integrates soil biogeochemical processes with ecosystem dynamics [7,8,9,10,11]. These models provide key insights into the interactions between vegetation, soil, and the atmosphere under changing climate conditions. These approaches are essential for understanding the potential of forest carbon sinks and optimizing management strategies for climate mitigation.



As the world’s largest CO2 emitter, China bears a significant responsibility in achieving carbon neutrality. In recent years, expanding forest area and enhancing forest carbon sinks have become core strategies in China’s national climate mitigation efforts [12]. These initiatives are central to China’s climate action plans, with forest expansion and carbon sink enhancement recognized as key strategies [13,14,15], and several milestone forest coverage goals have been announced by the government (National Development and Reform Commission and Ministry of Natural Resources of China, 2020). Forests play a critical role not only in sequestering atmospheric CO2 but also in shaping global carbon balance and long-term climate control [16].



The DNDC (Denitrification–Decomposition) model was originally developed to simulate carbon and nitrogen cycling and greenhouse gas emissions in agricultural ecosystems [17]. Over time, the Forest-DNDC model has integrated components from the PnET (photosynthesis/evapotranspiration) and DNDC models for upland and wetland forest ecosystems, allowing it to be applied in forest ecosystems [18], which is crucial for developing effective climate mitigation strategies in the context of “carbon neutrality”. This model enables precise simulations that help evaluate the impacts of forest management measures in increasing carbon sinks and reducing greenhouse gas emissions, providing scientific evidence for policymakers. Other studies have employed models like LPJ-GUESS (Lund-Potsdam-Jena General Ecosystem Simulator) and ORCHIDEE (Organizing Carbon and Hydrology in Dynamic Ecosystems) for regional and global carbon sink simulations, particularly focusing on boreal and temperate forests (e.g., Scandinavia, North America) [19,20], but subtropical forest dynamics remain less studied.



Global carbon neutrality goals, particularly under the framework of the Paris Agreement, require countries to simultaneously reduce emissions and increase carbon sinks. However, the successful achievement of these ambitious goals hinges on localized actions, where the carbon sink capacity and management strategies of each region determine the path to national carbon neutrality (bottom-up). Several recent studies have emphasized the critical role of regional carbon sink management in national and global climate targets [21,22], but detailed investigations at the county level, particularly in subtropical regions, remain underexplored. Each nation’s success collectively drives the global climate mitigation process. Therefore, achieving carbon neutrality on a national or even global scale begins with effective management and optimization at smaller regional levels. Although many studies have explored the carbon sink potential of subtropical forests and their significance in climate change mitigation [4,5,16,23,24], most focus on national or larger regional scales, with limited attention being paid to county or small regional scales. Moreover, the effects of management policies on carbon sink capacity, particularly the spatial and temporal complexities under varying climate conditions, require further investigation.



The primary objective of this study is to quantify the carbon sink potential of subtropical forests in Zixi County, leveraging the Forest-DNDC model under various climate scenarios, specifically SSP2-4.5 and SSP5-8.5. This analysis seeks to address a significant research gap by elucidating the contributions of small-scale regions to China’s carbon neutrality goals. Focusing on Zixi County, a representative subtropical area, this study utilizes high-precision climate data processed by the HASM (High-Accuracy Surface Modeling) method [25,26] and employs the Forest-DNDC model and RF (Random Forest) model [27] to achieve accurate predictions of forest carbon sink capacity under different management strategies. Through detailed scenario simulations, our findings underscore the pivotal role that small regions play in the broader carbon neutrality process. In doing so, this work not only extends previous research on subtropical forests but also highlights the importance of localized carbon management in global climate mitigation strategies. This approach provides unprecedented precision in formulating carbon neutrality policies and fills a technical gap in research on forest carbon sinks in subtropical regions. The results from Zixi County not only offer scientific evidence for local government carbon sink management but also provide management strategies that can be referenced by other similar regions, fostering cross-regional learning and laying the foundation for national-level carbon neutrality strategies.




2. Materials and Methods


2.1. Study Area


Zixi County is located in Fuzhou, in the central-eastern part of Jiangxi Province, China (116°   46 ′   –117°   17 ′    E, 27°   28 ′   –27°   55 ′    N), with a total area of 125,100 hectares. With a forest coverage rate of 87.3%, it is a region characterized by dense forestation. This high coverage makes Zixi County highly representative for carbon sink research and an ideal region for exploring carbon neutrality strategies in subtropical areas. The study of this county allows for a better understanding of the potential of high forest cover regions in combating climate change and achieving carbon neutrality goals. The county’s elevation exceeds 1000 m, with an annual average temperature of 16.9 °C, an average annual precipitation of 1929.9 mm, annual evaporation of 1300 mm, 1595.7 h of annual sunshine, an average relative humidity of 83%, and an annual solar radiation of 51,000 kcal/cm2 (https://www.zixi.gov.cn/art/2017/8/19/art_1740_977446.html/, accessed on 21 September 2024).




2.2. Data Collection


Historical climate data are sourced from 173 climate stations in Jiangxi Province (1957–2019), with each station recording daily temperature, daily precipitation, station ID, latitude and longitude, and the date of record. Future climate scenario data come from the official CMIP6 website (https://ds.nccs.nasa.gov/thredds/ncss/grid/AMES/NEX/GDDP-CMIP6/ACCESS-CM2/historical/r1i1p1f1/, accessed on 21 September 2024), which provides multiple climate scenarios for simulating future climate changes. SSP1-2.6 represents a low-emission pathway, accounting for optimistic global mitigation efforts, while SSP2-4.5 represents a “middle-of-the-road” development path, also known as a “sustainable but not extreme scenario”, and SSP5-8.5, a “fossil fuel-driven development scenario”, reflects an economy-prioritized high-emission pathway. SSP1-2.6, as an idealized low-emission scenario, is overly optimistic, while SSP2-4.5 and SSP5-8.5 cover moderate and extreme climate change scenarios, providing more diverse results and capturing both moderate and severe climate change impacts. Therefore, the inclusion of SSP2-4.5 and SSP5-8.5 in this study offers a pragmatic approach, reflecting a broader range of possibilities for future change. The geographical location of the study area is presented in Figure 1a. Meteorological stations within the region are depicted in Figure 1b. The spatial distribution of forest species and the layout of forest plots across the study area are illustrated in Figure 1c.



Soil data from Zixi County were sourced from two key datasets: the first comprises field measurements of forest soil profiles collected during two sampling campaigns conducted in 2023 and 2024, totaling 37 profiles. The second set of profiles, accounting for an additional 37, is derived from the National Second Soil Survey, bringing the total to 74 soil profiles. There is a small amount of yellow soil in the eastern high-altitude area of Zixi County, and a small amount of paddy soil in the low-altitude area in the west. Most of the remaining soil types are dominated by red soil. The soil classification for Zixi County is based on the “Chinese Soil System Classification” (2001 edition) and related materials.



Forest information was obtained from fixed plot surveys conducted by the Zixi County Forestry Bureau from 1977 to 2019. These surveys provide a comprehensive dataset including plot IDs, geographic coordinates, land type, landform characteristics, elevation, slope, soil type, soil depth, forest species, origin, dominant species, canopy density, age group, and average age. In order to combine the final scenario results with the analysis of historical forest carbon density in the county, the continuous biomass expansion factor method (CBEF) [28] was used to calculate the forest biomass carbon density (T/ha) for all historical forest plots.



The management practices input into the model are based on long-term records from the county’s forestry bureau, detailing species-specific logging methods, harvested areas, and planting ratios. In the 2019 analysis of dominant tree species, only three species were considered: Chinese fir (Cunninghamia lanceolata), pine (Pinus spp.), and moso bamboo (Phyllostachys edulis), while all other species were classified as ‘other’. Of the 255 total forest plots in the survey, 245 were included in the analysis: 61 dominated by Chinese fir, 5 by pine, 62 by moso bamboo, and 117 by other species. Management practices for Chinese fir and other species include both harvesting and replanting, whereas moso bamboo and pine are only subject to annual logging without replanting. The actual recorded practices show Chinese fir is harvested at 10% per year, with 9.3% replanted; pine is harvested at 12%, with no replanting; moso bamboo is logged at 0.5% annually, with no replanting; and other species are harvested at an average rate of 2.5%, with 2% replanted.




2.3. Modeling Methodology


The quality of input data directly impacts the model’s accuracy, necessitating careful preprocessing to achieve optimal results.



2.3.1. High-Resolution Climate Variable Simulations


The CMIP6 climate data used in this study include two scenarios from the Shared Socioeconomic Pathways (SSPs): SSP2-4.5 (a moderate stabilization scenario) and SSP5-8.5 (a high-emission scenario). More detailed information on the two SSPs used in this study is shown in Table 1.



The climate data were originally at a 25 km spatial resolution and were downscaled to a high-resolution 90 m grid using the following steps: (1) Conversion of CMIP6 climate data into point data with latitude and longitude coordinates. (2) Integration of the point data with the region’s Digital Elevation Model (DEM) data at a resolution of 90 m. (3) Use of least-squares regression to derive regression equations and point residuals. (4) Interpolation of point data using an inverse distance weighting (IDW) method to generate a trend surface. (5) Refinement of the trend surface with HASM method to obtain high-resolution climate scenario data. Daily high-resolution climate surface data were calculated using the following Equation (1):


  S u r f a c e = S u r  f  I D W   + S u r  f  H A S M    



(1)




where   S u r f a c e   represents the high-resolution grid for temperature and precipitation data processed through the overlay of the HASM method,   S u r  f  I D W     represents the trend surface data obtained using the IDW method, and   S u r  f  H A S M     represents the residual surface data derived from the HASM method.



Downscaled CMIP6 data were extracted from meteorological stations within the study area and compared with historical data. Trends in average annual temperature and total annual precipitation from 1956 to 2060 are illustrated in Figure 2a,b.




2.3.2. Spatial Modeling of Soil Data


The soil organic carbon (SOC) density was calculated using the following Equation (2) [29]:


  S O  C  s t o c k s   = S O C × B D ×  ( 1 − G C )  × d  



(2)




where   S O  C  s t o c k s     [kg/m2] is the soil organic carbon storage, SOC [g/kg] is the organic carbon content, BD [kg/m3] is the soil bulk density, GC   [ % ]   is the gravel content   > 2   mm, d [m] is the soil thickness.



The spatial distribution of SOC at 0–5 cm and 0–100 cm was predicted using a Random Forest model, which incorporated field plot data. The model used 74 SOC sample points as the dependent variable and 23 independent variables, including hillshade, slope, aspect, slope length, valley depth, elevation, convergence index, clay content (0–5 cm, 0–100 cm), sand content (0–5 cm, 0–100 cm), pH (0–5 cm, 0–100 cm), soil type, soil thickness, land-use type, forest type, canopy density, average forest age, planar curvature, profile curvature, mean annual precipitation, and topographic wetness index (sources in Table 2). Model accuracy was assessed using 10-fold cross-validation. The results indicated the following performance metrics for SOC in the 0–5 cm soil layer: MSE = 35.516, MAE = 4.468, R2 = 0.561, and RMSE = 5.960; and for SOC in the 0–100 cm soil layer: MSE = 9.518, MAE = 2.221, R2 = 0.530, and RMSE = 3.085. Additional soil parameters required for the Forest-DNDC model were derived from the second national soil survey data and sampling data, which were interpolated into raster datasets using the HASM method and then extracted for each forest plot.




2.3.3. Scenario Design


To simulate and capture future scenarios of carbon density in the forest ecosystems of Zixi County under the coupled effects of climate change and human activity, three scenarios were designed: natural development, economic development priority, and management optimization. Additionally, for each scenario, the impacts of two climate pathways, SSP2-4.5 and SSP5-8.5, on forest carbon density and carbon sink were analyzed.



Baseline scenario(BS): this scenario reflects future carbon density changes under Zixi County’s current management practices. In this scenario, the moso bamboo logging rate is minimal, averaging less than 0.5% annually across the county, despite the widespread distribution of moso bamboo. Field investigations identified several reasons for this: (1) a well-developed local bakery industry that occupies the labor force, limiting available manpower for bamboo harvesting; (2) the bamboo stands are often located on steep, inaccessible terrain, making harvesting difficult and dangerous; and (3) low profitability, as the cost of bamboo harvesting is high, and purchase prices have declined in recent years. Consequently, while there is abundant bamboo, little is harvested. Additionally, no bamboo planting is carried out, as bamboo reproduces naturally at a rapid rate, negating the need for planting costs. In this scenario, pine logging is slightly higher, but no replanting occurs. For plots dominated by Chinese fir and other species, the average planting-to-harvesting ratio is approximately 1:1.1.



Enhancing economic scenario(EES): this scenario explores future changes in forest carbon density driven by Zixi County’s economic development strategy. Building on the baseline scenario, forest management practices are adjusted as follows: annual logging in Chinese fir-dominated plots increases by 20%, with a 7% increase in planting; pine-dominated plots see a 58% reduction in logging; moso bamboo-dominated plots experience a 100% increase in logging; and plots dominated by other species see a 40% increase in logging with no change in planting. On average, logging increases by 48% and planting by 1.74% annually. This scenario results in a planting-to-harvesting ratio of approximately 1:1.2. Reducing pine logging aims to preserve ecological biodiversity and prevent over-harvesting. Doubling the bamboo harvest not only enhances economic benefits but also curbs bamboo overgrowth, which could otherwise encroach on other species’ habitats. This adjustment is conservative; field surveys suggest that moso bamboo naturally reproduces at rates exceeding 20% annually, so future logging could be increased further.



Natural development scenario(NDS): this scenario represents an ecological conservation and biodiversity-focused management strategy in the absence of human intervention. The goal is to prioritize species diversity and implement optimal management practices for maximizing biodiversity within the forest ecosystem. In this scenario, no harvesting or planting occurs, allowing the forest to grow and reproduce naturally, driven by climate and ecological processes.




2.3.4. High-Resolution Scenario Simulation Model of Carbon Density in Forest Ecosystems


The Forest-DNDC model’s management measures module was improved to simulate annual management interventions. Simulations were performed at each plot location, requiring input parameters such as site-specific climate data (daily temperature, precipitation), soil data (soil type, forest type, soil layer thickness, number of soil layers, pH, surface soil organic carbon content [0–5 cm, kg C/kg], total soil organic carbon content [0–100 cm, kg C/ha], stone content, bulk density, clay content, hydrologic conductivity, soil porosity, field capacity, crop wilting point), forest data (species, forest age, tree physiological and phenological parameters), and management actions (planting, logging, burning, drainage, fertilization).



Raster climate and soil data required by the Forest-DNDC model were extracted for each forest plot. Ensuring the consistency between the simulated carbon density for each plot in the baseline year (2019) and the actual carbon density calculations is crucial for enhancing the model’s reliability. In the Forest-DNDC model, forest information necessitates extensive input of physiological and phenological parameters. However, direct measurement for all plots is prohibitively complex and costly. Therefore, an inversion of these parameters was conducted for all forest plots in 2019 using Forest-DNDC, assuming the local tree growth parameters align with the model’s default settings for the respective species (technical roadmap provided in Figure 3.



The resulting physiological and phenological parameters for each plot had an absolute error of less than 5% when comparing simulated forest carbon density values to the observed data. Separate 42-year simulations (2019–2060) were conducted for each plot, using distinct input data. Assuming no changes in the DEM, slope, or aspect of the region, spatial analysis of forest carbon density was performed every five years from 2020 to 2060. The Random Forest model used annual total precipitation, elevation, slope, and aspect as independent variables, with forest carbon density as the dependent variable. The raster data predicted by Random Forest were used as trend surfaces in HASM, which, combined with model predictions, produced a high-resolution surface dataset for forest carbon density. To further refine the results, non-forest areas such as farmlands, water bodies, and other non-forested regions were masked from the final carbon density output.






3. Results and Analysis


The spatial impacts of climate change on forest carbon density under different management policies were broadly similar across climate scenarios. Therefore, only the spatio-temporal variation maps for each scenario under SSP2-4.5 are presented, although the effects of other climate scenarios are also analyzed.



3.1. Spatial and Temporal Variations in Forest Carbon Density


The spatial distribution of forest carbon density in 2020, 2030, and 2060 under the BS is shown in Figure 4. In 2020, forests dominated by Moso bamboo (Phyllostachys edulis) exhibited relatively low carbon density, while forests dominated by pine had higher carbon density, and those dominated by Chinese fir (Cunninghamia lanceolata) had the highest average carbon density. Forests in high-altitude regions had a higher carbon density than those in lower-altitude areas. By 2030, the carbon density of bamboo-dominated forests increased only slightly, while that of pine- and fir-dominated forests showed more significant increases. The carbon density gap between high- and low-altitude regions also widened over time. By 2060, forests dominated by Moso bamboo had the lowest average carbon density, while forests in high-altitude regions consistently exhibited higher carbon density compared to low-altitude areas. Under this scenario, different climate change conditions had no significant effect on the county’s total forest carbon density before 2028 (Figure 5a). However, after 2030, the cumulative effect of the SSP2-4.5 climate scenario on forest carbon density became more pronounced than that of the SSP5-8.5 scenario. The county’s average forest carbon density showed a steady annual increase, with a slower rate of increase in the first decade. After 2028, the rate of increase accelerated each year until around 2050, after which the rate slowed slightly but remained significant.



Under this scenario, carbon sink declined from 2020 to 2024 across different climate conditions, followed by an overall upward trend from 2024 to 2060. Carbon sink reached a relatively stable level after 2040 (Figure 5b).



The spatial distribution of forest carbon density in 2020, 2030, and 2060 under the EES is shown in Figure 6. In 2020, the spatial distribution of forest carbon density was similar to that of the baseline scenario, with bamboo-dominated forests generally having lower carbon density than those dominated by other species. Forests in high-altitude regions again exhibited higher carbon density than those at lower altitudes. By 2030, the carbon density gap between forests dominated by different species narrowed, leading to a more even spatial distribution, although a significant difference in carbon density between high- and low-altitude regions remained. By 2060, forests dominated by species other than bamboo had higher carbon density, while bamboo-dominated forests saw minimal increases in carbon density from 2020 to 2060. Some bamboo forests near urban and rural areas even experienced a decline in carbon density. High-altitude forests continued to exhibit higher carbon density compared to low-altitude forests. Under this scenario, different climate change conditions had no significant effect on total forest carbon density before 2021 (Figure 7a). Under the SSP2-4.5 climate scenario, the total forest carbon density in the county decreased from 2021 to 2028, whereas under the SSP5-8.5 scenario, this declining trend persisted until 2036. From 2028 to 2034 under SSP2-4.5, total forest carbon density showed little change. However, from 2035 to 2060, the total forest carbon density increased significantly each year. Under SSP5-8.5, total forest carbon density did not show a significant annual increase until after 2037.



In this scenario, carbon sink trends were similar to those in the baseline scenario. Carbon sink declined between 2020 and 2024, followed by an overall increase from 2024 to 2060, with a stable level reached after 2040 (Figure 7b). However, the annual carbon sink values were slightly lower than those in the baseline scenario.



The spatial distribution of forest carbon density in 2020, 2030, and 2060 under the NDS is shown in Figure 8. From 2020 to 2060, bamboo-dominated forests consistently had lower carbon density compared to those dominated by other species, while forests in high-altitude areas had higher overall carbon density than those at lower altitudes. Carbon density in bamboo-dominated forests exhibited a slight annual increase, while forests dominated by other species showed a steady and more substantial annual increase in carbon density. The gap in carbon density between high- and low-altitude forests also widened over time. Under this scenario, climate change had no significant effect on total forest carbon density in the county before 2021 (Figure 9a). From 2022 to 2060, total forest carbon density under both climate scenarios showed steady increases, with the SSP2-4.5 scenario generally yielding higher carbon density than SSP5-8.5. This difference became particularly pronounced after 2035, with the gap between the two climate scenarios widening under the same management practices.



In this scenario, carbon sink showed an overall declining trend from 2020 to 2060. Annual carbon sink dropped significantly from 2020 to 2028, stabilizing around 200,000 tons per year after 2028 (Figure 9b).




3.2. Comparative Analysis of Carbon Density and Carbon Sink Differences Across Three Scenarios


Upon completing the simulations of forest plots under all scenarios from 2019 to 2060, annual forest and soil carbon density values were obtained. The average forest carbon density in Zixi County was calculated based on the mean of all plots for each year, and the trend, combined with historical forest carbon density changes, is shown in Figure 10b. Under the same management practices, different climate change scenarios had a limited impact on the overall trend in forest carbon density. However, forest carbon density under SSP2-4.5 was generally higher than under SSP5-8.5, with a higher upper limit for forest carbon density.



In the BS, forest carbon density showed an overall upward trend under current management practices. In the EES, increased logging led to an initial decline followed by a subsequent rise in forest carbon density. The NDS represented an idealized case, with a significant increase in forest carbon density, and the upward trend was more pronounced under favorable climate conditions. In Zixi County, the trends in forest carbon sink under each scenario are illustrated in Figure 10b. Both the BS and EES scenarios demonstrate a steady and gradual increase in carbon sink. In contrast, under the NDS, the forest carbon sink experiences a sharp decline from 2019 to 2035. After 2035, while the rate of decline slows, the trend remains negative, with increasingly irregular fluctuations.




3.3. Sensitivity Analysis


In order to further analyze the carbon density and carbon sink sensitivity of forests under different scenarios in Zixi County, the results obtained under the same scenario were divided by the data under SSP2-4.5 climate and the data under SSP5-8.5 climate, and the results obtained could be regarded as the sensitivity. The closer the sensitivity is to 1, it is considered that the forest carbon density or carbon sink in this scenario can better cope with different climate changes; that is, the difference is smaller under different climatic conditions, and the impact of climate is not obvious. Away from 1, it is believed that the forest carbon density or carbon sink in this scenario cannot better cope with different climate changes, and is significantly affected by climatic conditions.



The sensitivity analysis of forest carbon density to varying climate conditions in Zixi County is presented in Figure 11a. Under the NDS, forest carbon density is more sensitive to climate changes, leading to greater fluctuations. In contrast, the BS and EES scenarios better mitigate the impacts of climate variability on forest carbon intensity, demonstrating greater resilience to different climate changes.



The sensitivity analysis of forest carbon sinks to climate variation across different scenarios in Zixi County is shown in Figure 11b. From 2019 to 2060, the forest carbon aggregate under the NDS exhibits some fluctuations, but overall, the changes remain relatively stable. During 2021–2023, the baseline scenario’s forest carbon sink shows only minor sensitivity to climate variation, while in 2033–2036, the enhancing economic scenario exhibits heightened sensitivity to changing climate conditions.





4. Discussion


This study provides new insights into the intricate interactions between climate scenarios and forest management in Zixi County, highlighting significant differences in carbon sequestration across various climate pathways. While the short-term effects of the SSP2-4.5 and SSP5-8.5 scenarios on forest carbon density are similar, the medium- and long-term impacts diverge, with SSP2-4.5 demonstrating greater potential for carbon accumulation. This divergence suggests that, over time, the adoption of more moderate climate strategies could play a crucial role in enhancing the carbon sink function of forest ecosystems. These findings are consistent with global carbon cycle models, which suggest that moderate climate scenarios generally enhance carbon sink capacity [30,31,32]. Similar conclusions have been drawn from studies conducted in European and tropical ecosystems in South America [33], where moderate climate scenarios have been shown to improve forest resilience and carbon storage. This body of evidence underscores the importance of context-specific climate management strategies that align with regional ecological characteristics.



Spatial analysis identified elevation and forest type as key determinants of carbon density distribution. High-altitude regions exhibited greater carbon sequestration potential, a trend also observed in other studies of mountainous ecosystems, which have emphasized altitude, temperature, and precipitation as critical factors influencing carbon dynamics. The relationship between altitude and carbon density may be attributed to the cooler temperatures and higher moisture levels found at higher elevations, which can support more vigorous plant growth. Although bamboo-dominated forests cover large areas, they were found to sequester less carbon compared to forests dominated by Chinese fir and broadleaf species, likely due to bamboo’s rapid growth cycle but lower long-term carbon storage capacity. This raises questions about the ecological role of bamboo in these forest ecosystems and its potential as a management target for enhancing overall carbon sequestration. This observation aligns with findings from similar studies on bamboo forest ecosystems [34].



The management implications of these findings are substantial. Increasing the proportion of high-carbon-density species, such as Chinese fir, and optimizing management strategies based on elevation could significantly enhance carbon sequestration in Zixi County. Targeted interventions, such as selective thinning and controlled replanting, could further promote the growth of these species while simultaneously managing competition from faster-growing, lower-density species like bamboo. However, further research is required to develop long-term management practices for bamboo forests, which could otherwise limit carbon density growth. Studies from regions with similar forest types emphasize the need for adaptive management strategies to mitigate these challenges [35,36]. Such strategies might include integrated approaches that combine traditional knowledge with scientific research to ensure sustainable forest management.



Zixi County’s forests exhibit some degree of resilience to climate change, though extreme scenarios could significantly reduce carbon storage, a pattern consistent with global research on forest vulnerability to climate impacts [37]. Understanding the thresholds of resilience in these ecosystems is crucial, as it can inform future management practices that aim to maintain and enhance carbon storage capacities. While new management interventions may initially cause fluctuations in carbon sinks, long-term strategies have the potential to stabilize these effects [38]. Ultimately, the pursuit of such strategies will require a collaborative effort among stakeholders, including local communities, policymakers, and researchers, to ensure that forest management practices are both ecologically sound and socioeconomically viable.




5. Conclusions


This study underscores the pivotal role that both forest management and climate scenarios play in determining carbon sequestration in Zixi County. While moderate climate pathways such as SSP2-4.5 show significant promise for enhancing carbon storage, more extreme scenarios present considerable risks to the long-term stability of carbon density. Management strategies that prioritize high-carbon-density species and account for elevation gradients are critical to maximizing sequestration potential. Under the natural development scenario, even if the forest carbon density increases year by year, its carbon sink function is actually weakening, and suitable forest management measures can more effectively resist the adverse effects of climate change on forest carbon sink function.



Nevertheless, some limitations remain. The current research does not fully address the role of soil microbial communities and nutrient cycling in shaping carbon dynamics, particularly under extreme climate scenarios—a subject that warrants further investigation. Moreover, while this study focuses on Zixi County, the findings hold broader relevance for subtropical regions with similar forest ecosystems.



Future research should focus on refining management strategies to account for the spatial heterogeneity of forest carbon density and investigating the long-term impacts of climate change on soil carbon dynamics. Ultimately, coordinated local actions, such as those outlined for Zixi County, will be essential for achieving both national and global carbon neutrality goals.
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Figure 1. Geographical location and spatial distribution of forest plots: (a,b) depict Zixi County, situated in the southern region of China, within Fuzhou City, Jiangxi Province. (c) The primary forest types in Zixi County include bamboo forests, fir forests, pine forests, and various other forest types. Bamboo forests dominate the western-central areas, covering a substantial portion of the landscape. Fir forests are scattered throughout the county, though they do not form large contiguous stands. Pine forests occupy smaller areas in the eastern part of Zixi County. The ’other forests’ category includes tea trees, fruit trees, and diverse local vegetation. 
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Figure 2. Comparison of the change trend of historical climatological data (1957–2018) and CMIP6 future climatic data (2019–2060). (a) Black circles represent the historical annual mean temperature data from meteorological stations, while green and red circles indicate the extracted annual mean temperature values under the SSP2-4.5 and SSP5-8.5 climate scenarios, respectively, at those station locations. (b) Black circles denote the historical annual total precipitation data from meteorological stations, with green and red circles representing the extracted annual total precipitation values under the SSP2-4.5 and SSP5-8.5 scenarios, respectively. 
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Figure 3. Technology roadmap. The overall technical roadmap is divided into three main modules: the inversion module (on the left), the data preprocessing module (on the right), and the simulation analysis module (at the bottom). The inversion module aims to derive the physiological phenological parameters of forest plots using the Forest-DNDC model. The data preprocessing module ensures the reliability of the input parameters used in the model. The simulation analysis module integrates the Forest-DNDC, RF, and HASM models to collaboratively analyze and process the results generated by the models. 
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Figure 4. Spatial and temporal changes in forest carbon density under the BS (baseline scenario): (a) 2020, (b) 2030, (c) 2060. 
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Figure 5. Trends in the impact of different climate conditions on forest carbon density and forest carbon sink under the BS (baseline scenario). (a) The trend of forest carbon density of baseline scenario, (b) and the trend of forest carbon sequestration of baseline scenario. 
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Figure 6. Spatial and temporal changes in forest carbon density under the EES (enhancing economic scenario): (a) 2020, (b) 2030, (c) 2060. 
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Figure 7. Trends in the impact of different climate conditions on forest carbon density and forest carbon sink under the EES (enhancing economic scenario). (a) The trend of forest carbon density of the enhancing economic scenario, (b) and the trend of forest carbon sequestration of the enhancing economic scenario. 
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Figure 8. Spatial and temporal changes in forest carbon density under the NDS (natural development scenario): (a) 2020, (b) 2030, (c) 2060. 
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Figure 9. Trends in the impact of different climate conditions on forest carbon density and forest carbon sink under the NDS (natural development scenario). (a) The trend of forest carbon density of natural development scenario, (b) and the trend of forest carbon sequestration of natural development scenario. 






Figure 9. Trends in the impact of different climate conditions on forest carbon density and forest carbon sink under the NDS (natural development scenario). (a) The trend of forest carbon density of natural development scenario, (b) and the trend of forest carbon sequestration of natural development scenario.



[image: Forests 15 01887 g009]







[image: Forests 15 01887 g010] 





Figure 10. Trends in the impact of different climate conditions on forest carbon density and forest carbon sink under the different scenario. (a) The overall trend of forest historical carbon density and future carbon density under different scenarios in Zixi County. (b) The overall trend of future carbon sink of forests in Zixi County. 
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Figure 11. Sensitivity of forest carbon density and forest carbon sink to different climatic conditions under the same scenario. (a) Sensitivity of forest carbon density to climate change under different scenarios in Zixi County. (b) Sensitivity of forest carbon sinks to climate change under different scenarios in Zixi County. 
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Table 1. Descriptions of climate scenarios used in the study.
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	Scenario
	Description
	Key Assumptions





	SSP2-4.5
	Intermediate emissions scenario. Assumes moderate efforts to stabilize emissions
	CO2 emissions peak around 2040, then decline



	SSP5-8.5
	High emissions scenario. Represents rapid economic growth with minimal mitigation
	CO2 emissions continue to rise throughout the 21st century










 





Table 2. The source of the input data.
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	Data
	Source





	Soil pH (0–5 cm, 0–100 cm)
	SoilGrids (https://www.soilgrids.org/, accessed on 21 September 2024)



	Soil sand (0–5 cm, 0–100 cm)
	and



	Soil clay (0–5 cm, 0–100 cm)
	Measured data



	Normalized Difference Vegetation Index
	Near infrared and red bands of the Landsat7 TM data (https://www.usgs.gov/, accessed on 21 September 2024)



	DEM, Aspect, Slope,
	



	Slope length, Valley deep
	



	Analytical hillshading
	SAGA GIS (https://www.saga-gis.org/, accessed on 21 September 2024)



	Convergence index
	and



	Topographic wetness index
	Shuttle Radar Topographic Mission (https://www.gscloud.cn/, accessed on 21 September 2024)



	Plan curvature
	



	Profile curvature
	



	Land use
	



	Soil type
	



	Forest type
	



	Soil thickness
	Measured data



	Forest coverage
	



	Average forest age
	



	Multi-year average precipitation
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