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Abstract


This study, grounded in the Ecological Environmental Systems Theory, commenced by extracting structured proxy variables from satellite remote sensing imagery spanning 2013 to 2022. Subsequently, a research data set was constructed by integrating annual statistical data from 38 cities in Southwest China with meteorological data sets. Finally, a Panel Vector Autoregression (PVAR) model was employed to examine the ecological and socioeconomic factors influencing forestry carbon sinks. The results demonstrate that annual average precipitation and economic development level positively influence forestry carbon sinks, whereas annual average temperature, forestry production value, urban heat island effects, urban scale, population urbanization rate, and road mileage exert significant negative impacts. In the short term, forestry production value, annual average temperature, and annual average precipitation account for the greatest proportion of variance, with forestry production value exhibiting a notable lag effect. Over the long term, population urbanization rate and economic development level emerge as the primary determinants of forestry carbon sinks, whereas road mileage and urban scale exhibit relatively stable effects. This study offers a rigorous analysis of the factors influencing forestry carbon sinks and provides practical implications, thereby laying a solid foundation for future research in this domain.
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1. Introduction


With continued economic development, public awareness of environmental protection has grown, and governments worldwide have increasingly prioritized addressing climate change [1,2]. Among the most pressing global challenges is the greenhouse effect [3,4]. In response, China is advancing its “dual carbon” goals, aiming to peak carbon emissions by 2030 and achieve carbon neutrality by 2060. Meeting these objectives requires two key approaches: reducing “carbon sources” and enhancing “carbon sinks”. According to the United Nations Framework Convention on Climate Change (UNFCCC), carbon sources are processes, activities, or mechanisms that release CO2 into the atmosphere, while carbon sinks are those that remove CO2 from the atmosphere [5]. Forest resources play a crucial role in mitigating the greenhouse effect and preserving biodiversity [6,7]. Beyond timber production, forest ecosystems provide essential ecological services, such as purifying the atmosphere [8,9], releasing oxygen [10,11], and preventing soil erosion [12]. Additionally, forests act as major carbon sinks, with one hectare capable of absorbing 11 to 30 tons of CO2 annually [13].



These ecological functions underscore the indispensable role of forests, not only in climate regulation but also in supporting broader environmental sustainability. Forestry carbon sinks (FCS) refer to the process of harnessing the carbon storage capabilities of forests through activities such as afforestation, improved forest management, reduction of deforestation, and the protection and restoration of forest vegetation to absorb and sequester CO2 from the atmosphere. This process is often integrated with carbon trading mechanisms, in line with established regulations. As the largest carbon sink in terrestrial ecosystems, FCS plays a crucial role in maintaining the global carbon balance and mitigating climate change. Increasing FCS is widely regarded as one of the most cost-effective solutions for addressing rising CO2 levels [14]. Therefore, to achieve peak carbon emissions and ultimately attain carbon neutrality, the role of FCS in combating global warming is receiving increasing attention.



In China, forestry authorities are responsible for implementing forest management strategies, with the development and promotion of FCS resources primarily overseen by these authorities [15]. Effective forest management strategies can advance broader socioeconomic and environmental goals [16]. However, various factors influencing FCS can affect the prioritization of forest management practices in different ways [17]. FCS results from forest growth and management activities [18,19]. Understanding the factors that influence FCS is a critical foundation for studying its development and can provide essential evidence for formulating targeted forestry development policies [20]. Therefore, researching the factors driving changes in FCS is of significant practical importance.



Scholars have extensively studied the factors influencing FCS. For example, some scholars employed regression and principal component analysis to identify key controlling factors, such as stand age, stand density, and average diameter at breast height, while also highlighting total nitrogen, longitude, alkaline nitrogen, and organic carbon as significant influencers of FCS storage [21]. Other researchers have explored the relationship between FCS and land use structure, suggesting that changes in land structure can alter the carbon sequestration capacity of FCS [22]. Additionally, it was demonstrated that several measures—including increasing the proportion of the tertiary industry, promoting economic growth, attracting foreign direct investment, expanding road networks, fostering technological advancement, and strengthening environmental regulation—can enhance net carbon sink efficiency [23]. The studies mentioned above offer theoretical insights into the factors affecting FCS from both ecological and socioeconomic perspectives.



However, the aforementioned studies have certain limitations. First, while previous research has established that ecological and socioeconomic development factors can significantly influence FCS [16,24], factors such as urban scale and the urban heat island effect have either been overlooked or insufficiently explored. Theoretically, these neglected factors play a crucial role in economic development and, through human activities, subsequently affect forest ecosystems and FCS. Therefore, this study argues that existing research lacks a comprehensive analysis of these influencing factors.



Second, as the importance of FCS continues to grow, forestry authorities are assuming an increasingly significant role. However, the failure to account for factors such as urban scale and the urban heat island effect may pose challenges for these authorities in formulating effective policies related to forestry and FCS management. Drawing on data from 38 cities in Southwest China from 2013 to 2022, this study aims to investigate the factors affecting FCS from both ecological and socioeconomic perspectives.



This study, grounded in the Ecological Environmental Systems Theory, employs a Panel Vector Autoregression (PVAR) model to develop a comprehensive research framework that integrates both natural and socioeconomic factors. Additionally, satellite remote sensing data are used to quantify the relevant influencing variables. The PVAR model effectively addresses individual heterogeneity by accounting for both individual and time effects [25]. Moreover, it captures temporal dynamics, highlighting individual differences and providing valuable insights for policy development. This comprehensive framework serves as an important reference for incorporating additional significant influencing variables in future research.



In summary, this study introduces the Ecological Environmental Systems Theory into the investigation of factors affecting FCS. It also utilizes multi-source remote sensing data and inversion techniques to enhance the accuracy and efficiency of evaluating FCS and its influencing factors. Finally, by constructing the PVAR model, the study analyzes the dynamic impact mechanisms and the complex relationships underlying the factors affecting FCS.



The primary objective of this study is to develop a robust research framework for analyzing the multidimensional factors affecting FCS and their dynamic mechanisms. By gaining a deeper understanding of these factors, this framework aims to facilitate the effective utilization of FCS in mitigating the impacts of climate change.




2. Theoretical Foundations and Hypotheses


The Ecological Environmental Systems Theory, proposed by Chapin III, F.S., Matson, P.A., and Mooney, H.A. [26], is based on the systems theory introduced by Bertalanffy in the mid-20th century. This theory asserts that a system is composed of interacting elements, with an emphasis on the interrelationships among these elements and their relevance across various domains. Systems theory examines the general patterns, structures, and laws that govern systems, proposing that all entities exist within a mutually connected unity, with the existence and development of each entity being interdependent with others.



In the study of factors influencing ecological environment, systems theory emphasizes understanding it as an integrated system. This perspective highlights the interconnections and interdependencies among various components, underscoring the importance of a holistic approach to ecological research. It analyzes the interactions and mutual influences among various factors (such as biotic and abiotic components) and examines how these interactions collectively maintain or disrupt the balance and stability of ecosystems. The Ecological Environmental Systems Theory is multifaceted, requiring not only the optimization of the combinations and allocations of elements but also a holistic approach to systemic governance [27]. To better understand the methodology of this theory and its application to problem-solving, scholars have identified key characteristics of systematic methods [28], which include the following aspects, as illustrated in Figure 1.



(1) Holism: The ecological environmental system is an organic whole, where various components are interconnected and interact with one another to form a cohesive system. This holism imparts unique structures and functions to the ecological environmental system.



The ecological environmental system is a subset of natural systems, emphasizing the interactions between elements such as plants and animals and natural factors, including air and water. Within this system, all factors are interdependent and mutually influential, collectively forming an inseparable whole. FCS refer to the process by which forests absorb CO2 through photosynthesis and store it. FCS is directly linked to forest growth, the carbon cycle, and ecological balance, representing a functional module within the ecological environmental system [29].



As a vital component of the ecological environmental system, FCS play a crucial role in mitigating global climate change by absorbing and sequestering carbon dioxide through forests. Additionally, FCS is closely connected to various factors, such as precipitation and temperature [26,30]. Specifically, FCS serves as a key strategy in the global response to climate change, with its formation and variation influenced by numerous natural factors. Among these, temperature and precipitation are the most direct and significant determinants. These two factors serve as primary explanatory variables for FCS [31,32].



Annual average precipitation and temperature directly impact forest growth and carbon sequestration capacity [31,32], thereby influencing forestry production value [33]. Current research indicates that sufficient precipitation promotes plant photosynthesis and growth, enhancing carbon storage capacity. For instance, increased rainfall in southern China has significantly improved the carbon storage capacity of forests [34]. Adequate precipitation encourages plant growth, leading to increased biomass accumulation and enhanced carbon fixation capacity [35]. Therefore, precipitation has a positive effect on FCS, not only in regions with abundant rainfall but also in arid and semi-arid areas [36].



Some studies have employed linear regression and correlation analysis to examine the effects of temperature on FCS, finding that moderate increases in temperature can positively influence forest growth. This is primarily reflected in an extended growing season, as well as improvements in photosynthesis and water use efficiency [37,38]. Based on these insights, the following hypotheses are proposed:



Hypothesis 1a: 

There is a positive correlation between annual average precipitation and FCS.





Hypothesis 1b: 

There is a positive correlation between annual average temperature and FCS.





(2) Openness: The ecological environmental system is an open system that exchanges materials, energy, and information with external systems. This openness enables the system to continuously acquire necessary resources and energy from the external environment, while also allowing it to export products and outputs.



The Ecological Environmental Systems Theory emphasizes the interconnections and interactions with external systems, particularly the relationship with economic and social systems. As a key function of ecosystems, FCS are influenced by external factors, including the economy and society. The economic system is a crucial dimension affecting changes in FCS, with forestry production value and economic development being significant factors. Some scholars noted that integrating economic benefits with sustainable forestry practices can significantly enhance FCS capacity [39]. Forestry is a foundational industry for sustainable socioeconomic development and a primary driver of economic growth. The value of forestry production serves as an important metric for evaluation. Throughout national development, the demand for forestry products has steadily increased. However, the expansion of forestry production value, coupled with over-exploitation, may lead to a decline in FCS [40].



However, as the level of economic development deepens and the industrial structure continues to evolve, economic growth fosters technological advancement and optimizes the layout of industries, demand, and regional structures, making them more efficient. At the same time, this growth contributes to an increase in forest resource stocks, thereby enhancing FCS [41]. Additionally, with the development of economic globalization, the importation of primary forest products can reduce domestic demand for forest resources and expand forest areas, thereby promoting the development of FCS [42]. Based on these considerations, the following hypotheses are proposed:



Hypothesis 2a: 

There is a negative correlation between forestry production value and FCS.





Hypothesis 2b: 

There is a positive correlation between economic development level and FCS.





The improvement in the level of economic development involves multiple dimensions, including economic policy, population policy, and social structure [41,43,44]. It also determines the demand for and utilization of forestry resources [45,46] and contributes to the expansion of urban areas [47]. As a result, economic development drives urbanization, which not only includes the expansion of urban areas but also an increase in the urban population.



In the context of the social system, the rise in the urbanization rate significantly influences land structure, ecological processes, and even broader global changes [45,46]. Some scholars found that urbanization causes ecosystem fragmentation and the over-exploitation of resources, both of which reduce the capacity of FCS [48]. Population pressure drives increased agricultural productivity, which can boost demand for forestry products. This often leads forest managers to convert forests into agricultural land or repurpose them for other uses, resulting in a reduction of forest area and FCS [43,44]. Moreover, the expansion of urban areas occupies more forest land, placing additional pressure on forest resources, which further diminishes forest area and FCS. Thus, urbanization may impede the development of FCS [49]. Based on this understanding, the following hypotheses are proposed:



Hypothesis 3a: 

There is a negative correlation between the population urbanization rate and FCS.





Hypothesis 3b: 

There is a negative correlation between urban scale and FCS.





The levels of economic development and population urbanization continue to rise with social progress and technological advancement [50]. This drives the expansion of urban areas, which may exacerbate the urban heat island effect [51]. The urban heat island effect refers to the phenomenon where the temperature in urban areas is higher than in the surrounding regions, as indicated by the temperature difference between two representative points (i.e., heat island intensity) [52]. As urbanization progresses, the urban heat island effect intensifies, leading to higher urban temperatures that alter vegetation growth rates. This results in increased water demands for plants in urban areas, which in turn affects related biogeochemical processes [53]. For instance, studies have shown that potential evapotranspiration around cities in Wisconsin increased by 10% compared to the surrounding rural areas [51]. These changes impact the water and carbon cycles within urban ecosystems, as higher temperatures in cities slow forest growth, leading to a 12% decrease in forest carbon sequestration [54]. Therefore, the following hypothesis is proposed:



Hypothesis 3c: 

There is a negative correlation between the urban heat island effect and FCS.





The increase in economic development and urbanization has also led to the expansion of infrastructure, such as road mileage. The growth in road mileage facilitates the movement of people and goods [55], strengthening the connections between urban and rural areas, as well as among different regions [20,56]. Since 2000, the Chinese government has actively promoted infrastructure development, and road mileage serves as an indicator of the impact of human activities on forests [56]. The development of transportation infrastructure not only alters land use patterns but also affects hydrological and nutrient cycles, thereby reducing the potential of FCS. Improved accessibility to forest resources increases logging efficiency [55]. Additionally, transportation infrastructure development may enhance the economic connectivity of forest areas to external markets [57], stimulating the demand for forestry products, increasing the dependence on forest resources for livelihoods, and ultimately leading to a reduction in forest resources and a decline in FCS. Therefore, the following hypothesis is proposed:



Hypothesis 3d: 

There is a negative correlation between road mileage and FCS.





(3) Dynamic: The ecological environmental system is a constantly evolving dynamic system, where its internal structure and functions change over time in response to external environmental factors. By modifying specific components within the system, the composition and structure of these elements can be adjusted to improve the overall characteristics and functions. For example, changes in annual average precipitation and temperature are influenced by various factors, including global climate change, topography, and oceanic circulation [58,59]. Therefore, variations in annual average precipitation and temperature, driven by global climate change, can impact forest growth and carbon sequestration capacity [60,61]. Additionally, forestry production value may fluctuate due to shifts in market demand and policy adjustments. As social progress and technological advancements continue, the levels of economic development and urbanization rise [50], while the expansion of urban areas and increased road mileage may intensify the urban heat island effect [51], which in turn affects annual average temperatures [52,53,54] and subsequently influences FCS.



Based on the dynamic characteristics of ecological environmental systems, this study uses the PVAR model as the primary tool for investigating the factors influencing FCS. The PVAR model leverages panel data, effectively addressing individual heterogeneity while fully accounting for both individual and time effects in the research sample. This approach aligns with the dynamic influences emphasized in the Ecological Environmental Systems Theory.



As discussed above, the Ecological Environmental Systems Theory serves as a multidisciplinary framework. It emphasizes the system’s integrity, dynamism, and openness, offering a comprehensive and in-depth understanding of the factors influencing FCS. Building on this theoretical foundation, the research hypotheses and model for this study are presented in Figure 2.



By integrating knowledge and methodologies from multiple disciplines, we can enhance our understanding of the nature and dynamics of the FCS system, thereby developing more scientifically grounded and effective strategies for its protection and management. At the same time, it is crucial to recognize that the factors influencing FCS extend beyond the natural elements of the ecological system; factors within the economic and social systems also play a significant role. Therefore, it is essential to implement effective measures that mitigate negative impacts and promote sustainable development.




3. Variables and Methods


3.1. Research Design


This study comprises two sub-research projects. The objective of Research 1 is to convert satellite remote sensing imagery into structured data, thereby providing a foundation for subsequent analyses. Research 2 aims to construct a Panel Vector Autoregression (PVAR) model based on the structured data derived from remote sensing imagery, relevant regional annual data, and meteorological data to explore the influencing factors affecting forestry carbon sinks.



The research design is illustrated in Figure 3 below:




3.2. Variables Description


3.2.1. NPP and FCS


Net Primary Productivity (NPP) refers to the net amount of photosynthetic organic matter absorbed by vegetation per unit area over a specific period. It also represents the total organic material fixed during the process of net photosynthesis, after accounting for the organic matter consumed by plant respiration [62].



From an ecological perspective, NPP is a vital ecological indicator that reflects ecosystem productivity and energy conversion efficiency. It embodies the productivity and sustainable development capacity of ecosystems and serves as an important guide for agriculture, animal husbandry, forestry, and other production activities. Moreover, NPP is essential for evaluating global carbon cycles, climate change, and other environmental issues because ecosystem NPP plays a significant role in the absorption and emission of atmospheric carbon dioxide.



The existing research presents the FCS inversion formula for NPP as follows:


  F C S =   ∑  t = 1   n      N P P   i , t     ×   D   i , t   ×   E   i , t    



(1)







In Equation (1), FCS represents the Forestry carbon sinks (carbon sequestration), while   i   and   t   denote the species type and time, respectively.     D   i , t     is the coefficient for converting the NPP of a specific tree species to CO2, and     E   i , t     is the coefficient for converting CO2 to carbon for that species. NPP is positively correlated with FCS and carbon sequestration capacity [63,64]. As a critical component of the surface carbon cycle, NPP not only directly reflects the production capacity of vegetation communities under natural environmental conditions but also plays a key role in determining the carbon sink potential of ecosystems [65]. Consequently, this study uses NPP as a proxy for FCS.




3.2.2. LST and Urban Heat Island Effect


Land Surface Temperature (LST) refers to the temperature of the Earth’s surface and is a critical parameter for monitoring thermal anomalies, urban heat islands, and thermal pollution. LST data is essential for studying ecological factors such as soil moisture, crop drought conditions, surface evapotranspiration, and urban thermal environments [52].



In economically developed cities, the urban heat island effect is a common phenomenon. This is driven by industrialization and modernization processes that alter local climates. Economically developed cities typically experience concentrated urban populations, advanced industries, traffic congestion, and significant air pollution. The high thermal conductivity and heat capacity of buildings, along with their obstruction or attenuation of wind, contribute to the formation of the urban heat island effect [66]. Therefore, LST can be used as an indicator of the urban heat island effect.




3.2.3. NDBI and Urban Scale


The Normalized Building Index (NDBI) is a remote sensing metric used to identify the distribution of buildings in urban areas. It is commonly employed to assess building density and the level of urbanization [67]. As an indicator of building coverage, the NDBI directly reflects the degree of urbanization in a given area. As urban scale increases and the number of buildings rises, the NDBI value correspondingly increases. Therefore, the NDBI serves as an important reference for evaluating the extent of urban expansion.



The NDBI is closely related to urban scale. As an indicator of building coverage, the NDBI not only reflects the level of urbanization but also provides essential data for urban planning, environmental protection, and resource management [68].



In terms of urban planning and land use, the NDBI can be utilized to evaluate the spatial distribution and density of buildings. Additionally, the NDBI can be used to monitor urban expansion and land urbanization. Therefore, this study employs the NDBI as a representation of urban scale.




3.2.4. NLI and Economic Development Level


The Night Light Index (NLI) utilizes satellite remote sensing technology to capture areas illuminated by human activity during the night, reflecting changes in human activity patterns. This index compares nighttime light images projected onto the Earth’s surface with standard diurnal and nocturnal patterns. By analyzing the variations in light, it calculates the NLI, which characterizes regions with significant human activity.



The contrast between bright and dark areas in nighttime light remote sensing images makes it a powerful tool for studying human activity and its impacts. A positive correlation exists between light intensity and socioeconomic factors [69]. This quantitative relationship facilitates research into estimating socioeconomic variables. Since GDP is a human-generated statistic, its data collection process can involve discrepancies and errors. In contrast, nighttime light remote sensing data provides more objective observational data. Therefore, compared to traditional GDP measurements, the NLI offers a more accurate reflection of economic development. As a result, this study uses the NLI as an indicator of economic development levels.





3.3. Calculation and Data Processing Tools


3.3.1. Extraction of Structured Data for Net Primary Productivity (NPP)


In this study, the CASA model (Carnegie–Ames–Stanford Approach), a process-based remote sensing model used for estimating the NPP of terrestrial ecosystems, was employed to extract NPP data. We utilized the MODIS (Moderate Resolution Imaging Spectroradiometer) satellite database, which is mounted on the Terra and Aqua satellites, along with high spatial resolution TM data. This study processes MODIS data using the Python API of Google Earth Engine (GEE) version 1.4.1., loading the MODIS TM data product, and extracting NPP data. The overall technical workflow for this estimation is illustrated in Figure 4 [70].



In the CASA model, the calculation of NPP can be expressed by two factors: the Absorbed Photosynthetically Active Radiation (APAR) and the actual light-use efficiency (ε). The calculation formula is as follows:


    N P P ( x , t ) = A P A R ( x , t ) × ε ( x , t )  



(2)







In Equation (2),   A P A R ( x , t )   represents the absorbed photosynthetically active radiation by pixel   x   in month   t  , while   ε ( x , t )   indicates the actual light-use efficiency of pixel   x   in month   t  .



The value of APAR is determined by the amount of solar radiation that can be absorbed by vegetation and the proportion of incident photosynthetically active radiation that the vegetation effectively absorbs. This relationship allows for a more accurate estimation of how much light is utilized by plants for photosynthesis, which is essential for calculating NPP.


  A P A R ( x , t ) = S O L ( x , t ) × F P A R ( x , t ) × 0.5  



(3)







In Equation (3),   S O L ( x , t )   represents the total solar radiation at pixel   x   in month   t  , while   F P A R ( x , t )   denotes the fraction of incident photosynthetically active radiation absorbed by the vegetation layer. The constant 0.5 indicates that the photosynthetically active radiation (with wavelengths ranging from 0.4 to 0.7 μm) utilized by vegetation constitutes 50% of the total solar radiation.



Within a certain range, there exists a linear relationship between FPAR and NDVI (Normalized Difference Vegetation Index) [71]. This relationship can be established based on the maximum and minimum values of NDVI for a specific vegetation type and their corresponding maximum and minimum FPAR values. This linear correlation facilitates the estimation of FPAR from NDVI measurements, enhancing the accuracy of NPP assessments.


  F P A R   x , t   =      N D V I   x , t   −   N D V I   i , m i n           N D V I   i , m a x   −   N D V I   i , m i n        ×     F P A R   m a x   −   F P A R   m i n     +   F P A R   m i n    



(4)







In Equation (4),     N D V I   i , m a x     and     N D V I   i , m i n     represent the maximum and minimum NDVI values for the   i   vegetation type, respectively.



There is also a strong linear relationship between FPAR and SR (Simple Ratio) vegetation index [72,73], which can be expressed by the following Formula (5):


  F P A R   x , t   =      S R   x , t   −   S R   i , m i n           S R   i , m a x   −   S R   i , m i n        ×     F P A R   m a x   −   F P A R   m i n     +   F P A R   m i n    



(5)







In Equation (5),     F P A R   m i n     and     F P A R   m a x     are independent of vegetation type, with values set at 0.001 and 0.95, respectively. The     S R   i , m a x     and     S R   i , m i n     correspond to the 95% and 5% percentile values of NDVI for the   i   vegetation type.   S R ( x , t )   can be expressed by the following Formula (6):


  S R   x , t   =    1 + N D V I ( x , t )   1 − N D V I ( x , t )     



(6)







By comparing the estimated results of FPAR based on NDVI and SR, it was found that the FPAR estimated using NDVI was higher than the measured values, while the FPAR estimated using SR was lower than the measured values. However, the error associated with the SR estimation was smaller than that of the direct estimation using NDVI. Therefore, we can combine the two methods and take either a weighted average or a simple average of their estimates as the final estimate of FPAR:


  F P A R   x , t   = α   F P A R   N D V I   + ( 1 − α )   F P A R   S R    



(7)







Light energy utilization efficiency is defined as the ratio of the chemical potential contained in the dry biomass produced per unit area over a certain period to the amount of APAR incident on that area during the same time frame. Environmental factors, such as temperature, soil moisture conditions, and atmospheric vapor pressure differences, can regulate the NPP of vegetation by affecting the photosynthetic capacity of plants.


  ε   x , t   =   T   ε 1   ( x , t ) +   T   ε 2   ( x , t ) ×   W   ε   ( x , t ) ×   ε   m a x    



(8)







In Equation (8),     T   ε 1   ( x , t )   and     T   ε 2   ( x , t )   represent the stress effects of low and high temperatures on light energy utilization efficiency, respectively.     W   ε   ( x , t )   is the water stress impact coefficient, reflecting the influence of water conditions.     ε   m a x     denotes the maximum light energy utilization efficiency under ideal conditions.



Based on the aforementioned algorithms and technical approach, satellite remote sensing imagery data can be converted into structured data, as illustrated in Figure 5.




3.3.2. Extraction of Structured Data for LST


In this study, the single-window algorithm was employed to extract land surface temperature (LST) data. The single-window algorithm is a method used to retrieve LST from satellite thermal infrared data. This algorithm is based on the database collected by the Operational Land Imager (OLI) sensor aboard the Landsat 8 satellite, and it estimates LST through a series of mathematical formulas, as illustrated in Figure 6 [74]. The core of the single-window algorithm is to utilize the thermal radiation brightness values received by the satellite sensor, along with a radiative transfer model and atmospheric correction, to estimate the land surface temperature. This study uses the Python API of Google Earth Engine (GEE) version 1.4.1.to directly load the MODIS LST product and perform analysis or extraction of LST data.



The calculation of LST involves several steps and formulas, primarily including the calculation of vegetation coverage, the calculation of emissivity, and finally the calculation of LST itself. The following presents the specific calculation methods and relevant formulas:



Calculation of Fractional Vegetation (FV) Cover, the vegetation coverage is calculated using the Normalized Difference Vegetation Index (NDVI), as expressed in Equation (9):


  F V =   (    N D V I −   N D V I   m i n       N D V I   m a x   −   N D V I   m i n      )   2    



(9)







In this context, the minimum and maximum values of the NDVI are crucial for calculating vegetation coverage. They are denoted as     N D V I   m i n     and     N D V I   m a x    .



The emissivity (em) is another critical parameter in remote sensing, representing the efficiency of a surface in emitting thermal radiation compared to a black body. The formula for calculating emissivity is as follows:


  e m = 0.004 × F V + 0.986  



(10)







The calculation of Land Surface Temperature (LST) involves the brightness temperature     T b     obtained from the thermal infrared band and the calculated emissivity     e m    . The formula is as follows:


  L S T =    T b   1 + ( λ × (   T b   1.438   ) × l n ⁡ ( e m ) )    − 273.15  



(11)







In Equation (11),   T b   represents the brightness temperature in the thermal infrared band,   e m   denotes emissivity, and   λ   is the wavelength parameter. This formula converts brightness temperature into Celsius, yielding the actual surface temperature.



In summary, based on the aforementioned algorithms and technical pathways, satellite remote sensing data are transformed into structured data, as illustrated in Figure 7.




3.3.3. Extraction of Structured Data for NDBI


The calculation of the Normalized Building Index (NDBI) is based on the differences in reflectance across different spectral bands. Specifically, NDBI is derived from the reflectance values of the Short-Wave Infrared (SWIR) and Near-Infrared (NIR) bands. This study utilizes data from the Landsat 8 satellite’s Operational Land Imager (OLI) and Thermal Infrared Sensor (TIRS), along with atmospherically corrected surface reflectance and land surface temperature data. This study imports Landsat remote sensing imagery data into QGIS (Quantum GIS) version 3.38.0. and uses the Raster Calculator to apply the NDBI calculation formula to extract NDBI. The overall technical process for estimating NDBI is illustrated in Figure 8.



In practical terms, the value of NDBI is calculated by subtracting the reflectance of the NIR band from that of the SWIR band and then dividing by the sum of the two reflectance values. The resulting NDBI values typically range from −1 to 1, where higher values indicate greater building density [70]. Negative values correspond to areas without building cover, while positive values indicate the presence of buildings, with vegetation typically showing lower NDBI values.



The calculation is as follows:


  N D B I =    S W I R − N I R   S W I R + N I R     



(12)







In Equation (12), NIR represents the reflectance of the near-infrared band, and its basic calculation formula is as follows:


  N I R =    R s a m p l e − R d a r k   R w h i t e − R d a r k     



(13)







In Equation (13), Rsample represents the reflectance value of the sample, Rdark indicates the dark background (i.e., the value when no light is incident), and Rwhite signifies the white standard (i.e., the value for complete light reflection). The principle of this formula is to calculate the near-infrared reflectance by subtracting the dark background value from the sample’s reflectance and then dividing by the difference between the white standard and the dark background values.



The reflectance of the short-wave infrared (SWIR) band is also computed. However, its calculation does not involve a single “calculation algorithm”. Instead, it relies on a series of technical components and processes to capture and process infrared images, which encompass complex image processing and analysis techniques.



In summary, according to the algorithms and technical approaches outlined above, satellite remote sensing data is transformed into structured data, as illustrated in Figure 9.




3.3.4. Extraction of Structured Data for NLI


To accurately obtain nighttime light remote sensing data, this study utilizes nighttime light remote sensing images acquired by the Visible Infrared Imaging Radiometer (VIIRS) on board the next-generation Earth observation satellite, NOAA. This device precisely records the intensity of nocturnal light radiation. This study imports NOAA remote sensing imagery data into QGIS (Quantum GIS) version 3.38.0.and uses the Raster Calculator to apply the NLI calculation formula to extract NLI. The overall estimation workflow is illustrated in Figure 10 [75].


  N L I = I × S  



(14)







First, VIIRS nighttime light images are filtered based on administrative regions and specified years. Next, the mean pixel value of the nighttime light images within each regional extent is calculated daily to derive the NLI. Subsequently, the annual mean NLI for each region is computed. The calculation formula is as follows:


  I =    1     N   L   ×   D N   M      ×   ∑  i = 1     D N   M      (   D N   i   ×   N   i   )    



(15)






  S =      A r e a   N     A r e a     



(16)







In the above formula,     D N   i     and     n   i     represent the gray values of the   i   pixel level and the number of pixels at that gray level within each administrative region, respectively.     D N   M     denotes the maximum gray value range.     N   L     and     A r e a   N     refer to the total number of pixels with DN values between 1 and     D N   M     within each administrative region and the corresponding area they occupy, respectively.   A r e a   represents the total area of each administrative region.



In summary, based on the above algorithms and technical approaches, the satellite remote sensing imagery data is converted into structured data, as illustrated in Figure 11.






4. Empirical Analysis


4.1. Study Area


The study area selected for this research is the southwestern region of China (As shown in Figure 12). This region includes 38 cities, primarily from the provinces and municipalities of Sichuan, Chongqing, Guizhou, Yunnan, and Tibet, as well as the Hengduan Mountains, which lie at the intersections of these provinces, and the southeastern slopes of the Himalayas in Tibet. Figure 13 (the area enclosed by the black box in the figure) illustrates the topography and forest distribution across Southwest China.



Additionally, the National Forestry Resources Survey of China is conducted every five years. According to the results from the ninth national forest inventory conducted in 2018, the annual carbon sequestration in the southwestern region of China amounted to 1.957706 × 108 tons, ranking first in the country. Therefore, studying FCS in the southwestern region of China holds significant practical importance [20].




4.2. Research Model


The Panel Vector Autoregression (PVAR) model, first introduced by Holtz, retains the key advantages of the traditional Vector Autoregression (VAR) model. Specifically, it does not require the a priori specification of causal relationships between variables, treating all variables as endogenous. This approach enables the analysis of how each variable, along with its lagged values, influences other variables within the model.



In traditional econometric models, endogenous and exogenous variables must be predetermined, which can introduce subjectivity into the analysis. PVAR overcomes this limitation by eliminating the need to establish causal relationships in advance. Furthermore, unlike traditional VAR models that require long time series data, PVAR is designed to handle a large cross-section with a relatively short time series. By utilizing panel data, the PVAR model effectively addresses issues of individual heterogeneity, accounting for both individual and time effects. Therefore, this study employs the PVAR model for the analysis.



The mathematical expression is as follows:


    Y   i t   =   X   0   +   ∑  j = 1   p      X   j     Y   i , t − j     +   v   i   +   μ   t   +   ε   i t    



(17)







In the equation,     Y   i t     represents the number of FCS, where   i   and   t   denote the number of variables and time, respectively. The parameter   p   indicates the optimal lag order selected based on information criteria, while     X   j     refers to the coefficient matrix of the model. Additionally,     v   i     represents the individual effect,     μ   t     denotes the time effect, and     ε   i t     is the error term.




4.3. Data Sources


This study selects FCS amount as the dependent variable, with annual average precipitation, annual average temperature, forestry production value, economic development level, population urbanization rate, urban scale, urban heat island effect, and road mileage as independent variables. The relevant variable information is presented in Figure 10.



As shown in Figure 14, the data for each variable spans a period from 2013 to 2022, covering a total of 10 years. Satellite data for NPP, LST, NDBI, and NLI were sourced from satellite databases such as MODIS, LANDSAT, and NOAA/VIIRS. Annual average precipitation and temperature data were obtained from the China Meteorological Administration and the National Meteorological Science Data Center. Data on road mileage, forestry production value, and population urbanization rate were extracted from local statistical yearbooks. Table 1 lists the variable codes and their corresponding units.




4.4. Model Validation


4.4.1. Standardization of Data


This study includes data from 38 cities in Southwest China, covering a 10-year period from 2013 to 2022, thereby constructing the corresponding panel data. Table 2 presents the descriptive statistics for the variables mentioned above. Due to differences in measurement scales among the samples, significant discrepancies exist between the values of the variables. Therefore, the next step is to standardize the variables.



The steps for standardizing the data are as follows:




	(1)

	
Coding of Selected Cities: The 38 selected cities are assigned codes ranging from 1 to 38.




	(2)

	
Standardization of Variables: Since both the dependent variable and the independent variables include index variables and unit variables with significantly different dimensions, there are substantial differences in both absolute and relative values. Therefore, before model validation, it is necessary to standardize the data. The standardization formula is as follows:











  Y =    X − M i n   X     M a x   X   − M i n   X       



(18)







In Equation (18), Y represents the standardized variable,   M a x ( x )   denotes the maximum value selected from X, and   M i n ( x )   denotes the minimum value selected from X.




4.4.2. Stationarity Test of Panel Data


Running the PVAR model requires several prerequisites, including: (1) the appropriateness of the selected variables; (2) the stationarity of the variables; (3) the existence of a long-term stable equilibrium relationship among the variables; and (4) the stability of the model during execution. Therefore, a stationarity test must be conducted prior to using the model for analysis.



To ensure the validity of the PVAR model, it is crucial to confirm the stationarity of the data in order to avoid issues of spurious regression in subsequent analyses. Accordingly, the ADF unit root test is performed on both the explanatory and dependent variables within the model. As shown in Table 3, the results of the ADF test indicate that, with the exception of the forestry production value variable (which has a p-value less than 0.005), all other variables have p-values less than 0.001, indicating that they are stationary.




4.4.3. Selection of Model Lag Order


In the PVAR model, the lag order for each variable must be predetermined. To determine the optimal lag length, three information criteria are commonly used: the Akaike Information Criterion (AIC), which helps assess how well a model fits the data while penalizing for the number of parameters used, thus preventing overfitting; the Bayesian Information Criterion (BIC), which is especially useful when comparing models with different numbers of parameters; and the Hannan–Quinn Information Criterion (HQIC), which is helpful for balancing goodness-of-fit and model complexity. The optimal lag order is indicated by an asterisk in the evaluation metrics [25]. As shown in Table 4, the optimal lag order for the model in this study is determined to be 1.




4.4.4. Cointegration Test


To investigate whether a long-term stable equilibrium relationship exists among FCS and the variables, including annual average precipitation, annual average temperature, forestry production value, the level of economic development, population urbanization rate, urban scale, urban heat island effect, and road mileage, this study conducted a cointegration test.



According to the statistical results presented in Table 5, the p-values for all variables are below 1%. This indicates that, at the 1% significance level, a cointegration relationship exists among the variables.






5. Results


5.1. Model Regression Results


Based on the analysis of Table 6, we can draw the following conclusions regarding the estimated parameters and the validation of the hypotheses:




	(1)

	
Annual Average Precipitation and Annual Average Temperature:









The estimated parameters are 0.0607812 and −0.2565574, respectively. This leads to the conclusion that:



Hypothesis 1a is validated (indicating that annual average precipitation positively impacts FCS).



Hypothesis 1b is not validated (indicating that annual average temperature does not have a positive effect on FCS).



	(2)

	
Forestry Production and Economic Development Level:







The estimated parameters are −0.0168973 and 0.6752364, respectively. This leads to the conclusion that:



Hypotheses 2a and 2b are validated (indicating that forestry production value negatively impacts FCS while economic development level positively influences FCS).



	(3)

	
Urban Heat Island Effect, Urban Scale, Population Urbanization Rate, and Road Mileage:







The estimated parameters for these variables are −0.0531301, −0.0517871, −0.2924407, and −0.0444346, respectively. This leads to the conclusion that:



Hypotheses 3a and 3b are validated (indicating that urban heat island effect and urban scale negatively impact FCS).



Hypothesis 3c is validated (indicating that population urbanization rate negatively affects FCS).



Hypothesis 3d is validated (indicating that road mileage negatively impacts FCS).



In summary, the analysis demonstrates that while some factors positively influence FCS, several others have negative effects, highlighting the complex interactions between variables and FCS.




5.2. Model Stability Test


After determining the optimal lag order for the model, it is essential to conduct a robustness check to ensure the accuracy of the impulse response and variance decomposition results. In this study, the characteristic roots of the entire PVAR model are all less than 1 and fall within the unit circle (as shown in Figure 15). This indicates that the PVAR model system is stable, allowing for subsequent analyses to be performed with confidence that the results will be reasonable and valid.



This stability check is crucial, as it confirms that the model will not exhibit explosive behavior, which could distort the relationships between variables. Consequently, the findings from the PVAR analysis can be interpreted reliably within the context of carbon sequestration dynamics in the selected study area.




5.3. Granger Causality Test


Based on the results of the Granger causality test (Table 7), the following conclusions can be drawn:



The p-values for population urbanization rate, road mileage, annual average precipitation, annual average temperature, and economic development level are all less than 1%, indicating that, at the 1% significance level, these factors have a significant Granger causal relationship with FCS. This suggests that these factors have predictive power over FCS.



The p-values for the urban heat island effect and urban scale are less than 5%, indicating that, at the 5% significance level, these two factors also exhibit a significant Granger causal relationship with FCS, implying they have a notable influence on FCS changes.



The p-value for forestry production value is less than 10%, suggesting that, at the 10% significance level, there is a Granger causal relationship between forestry production value and FCS, though the impact is relatively weaker compared to other variables.



In conclusion, all variables passed the Granger causality test, rejecting the null hypothesis, and can therefore be considered valid explanatory variables for FCS.




5.4. Impulse Response Analysis


After confirming the stability of the overall model and ensuring it meets the necessary conditions, we proceeded with the impulse response analysis. In this phase, each selected variable influencing FCS was subjected to a shock, and the corresponding response of FCS to these shocks was observed. The impulse response period was set to 10 periods, based on the sample size, and impulse response function (IRF) curves for FCS were plotted (as shown in Figure 16). These curves illustrate how FCS evolves over time, enabling us to assess the impact of different variables on FCS. By analyzing the impulse response curves, we can evaluate how each variable’s shock influences FCS in both the short and long terms, and identify which variables have a more significant or prolonged effect. This analysis provides valuable insights into the dynamics of FCS in response to changes in external conditions.



The impulse response results show that shocks from different explanatory variables have both positive and negative impacts on FCS. However, over time, the fluctuations in the FCS curve gradually stabilize after the initial shocks. To better understand the long-term dynamics of FCS and quantify the magnitude of influence from each factor, a variance decomposition analysis is necessary. This analysis will allow for an assessment of the relative importance of each influencing factor on FCS over time.



As shown in Table 8, aside from the self-influence of FCS, the variables that contribute most significantly to its variance include forestry production value, annual average temperature, and annual average precipitation. Annual average temperature has the greatest impact. Among these variables, forestry production value and economic development level account for 27% of the variance in FCS. Natural factors are the second-largest contributors to FCS (excluding self-influence), with annual average temperature and precipitation jointly accounting for 22% of the variance. Among social factors, the population urbanization rate plays the most significant role, contributing 12%. The influence of forestry production value peaks in the sixth period, before gradually declining, indicating a lag effect.



The urban heat island effect reaches its maximum influence in the first period, then diminishes, suggesting its strongest impact on FCS occurs in the short term. Meanwhile, the contributions of population urbanization rate and economic development level to FCS increase over time, peaking in the 10th period, indicating they are the primary long-term influencing factors. In contrast, the effects of road mileage and urban scale remain relatively stable over time, showing little change in their long-term impact on FCS.





6. Discussion


6.1. Key Findings


First, in the long term, the factors influencing FCS are diverse. Economic development level plays a crucial role in the development and utilization of forest resources. In economically underdeveloped regions, forestry sectors may experience limited investment and technological support, potentially restricting the development and management of FCS. In contrast, in more economically advanced regions, financial support, policy guidance, and technological innovation are more widespread, contributing to the enhancement of FCS. Specifically, when the forestry production value constitutes a significant portion of local GDP, the management and utilization of forest resources are prioritized, thereby enhancing the FCS function. For example, Figure 17 (The area enclosed by the black box in the figure) illustrates that regions with deeper red shading are indicative of more economically developed areas. In comparison to other economically developed regions in China, Southwest China exhibits relatively slower economic growth. In regions where forestry production value contributes significantly to GDP, local governments are more likely to prioritize FCS management in tandem with economic development [33]. By promoting the protection, expansion, and enhanced efficiency of FCS within forest resources, further support for carbon sequestration is achieved. Economic development level also impacts the demand for forestry industries, subsequently affecting FCS. In regions experiencing rapid economic growth, particularly in developing economies, agricultural transformation and urbanization may lead to a reduction in forested areas, thereby diminishing FCS function. Conversely, in regions implementing ecological compensation and protection policies, economic development may support the protection and sustainable utilization of forest resources through the transformation of forestry production methods. For example, with regional economic structural transformation, agricultural production gradually shifts toward industry and services, leading to the restoration of large areas of land previously used for agriculture into forests or other natural ecosystems, thereby increasing FCS capacity [39,40,41,42].



Second, the dominant tree species in Southwest China are subtropical evergreen broadleaf forests, which possess strong carbon sequestration capacities (as shown in Figure 18). However, the stability and sustainability of these forests are heavily influenced by interannual climate fluctuations and extreme weather events. Studies show that tree radial growth in subtropical evergreen broadleaf forests occurs mainly between May and August, contributing 88% of the annual growth. Climate models predict that atmospheric temperatures in tropical and subtropical regions will continue to rise, with an expected increase of 1.3 to 5.0 °C by the century’s end, surpassing the global average [76]. Due to their slow growth rate, subtropical evergreen broadleaf trees consume relatively less water and may be less dependent on water than on temperature [77]. However, temperature changes could significantly constrain the physiological activities and radial growth of these forests. Research indicates that in years with higher-than-average temperatures, the radial growth rate of tropical and subtropical forests slows, and tree mortality rates may increase [78]. This is primarily due to rising temperatures reducing photosynthesis, stomatal conductance, and water-use efficiency in subtropical evergreen broadleaf forests [79]. The impact of climate warming has become increasingly severe in low-latitude forests of the Northern Hemisphere [80]. As a result, temperature may become the primary limiting factor for FCS development in Southwest China. This highlights the significant challenge posed by climate change to the region’s FCS capacity, emphasizing the need to consider environmental changes in carbon sequestration policies.



Finally, FCS are closely linked to factors such as forest area and biomass, maintaining a long-term symbiotic relationship with economic and social development factors, including forestry production value. Consequently, the impact of forestry production value on FCS is characterized by a lag effect. Forestry’s carbon sequestration function primarily involves the absorption of atmospheric CO2, which is stored in various tree organs. In contrast, forestry production value reflects the investment of land, labor, and capital into forest resources, leading to the production of timber, non-timber forest products, and ecological and social benefits. The contribution of these inputs to forest economics does not produce immediate effects but involves intermediate processes with certain lag periods [23]. To optimize the processes that enhance forestry production value, it is crucial to assess the lagging effects of forestry production value on FCS. This evaluation is essential to maximizing the scale effects of forestry carbon sinks. Such insights are critical for policymakers and stakeholders to develop strategies that promote both economic growth and environmental sustainability.




6.2. Theoretical Significance


First, this study integrates the Ecological Environmental Systems Theory into the investigation of the complex relationships among factors influencing FCS, thereby enhancing academic understanding of the ecological systems theory and broadening its applications. In the context of global climate change, FCS has become a critical strategy for mitigating the greenhouse effect and promoting carbon cycling, highlighting its increasing importance. The ecological systems theory provides a theoretical framework for understanding the interactions between the natural environment and human society, enabling a comprehensive analysis of the factors affecting FCS. From a scientific perspective, the ecological systems theory emphasizes the dynamic relationships between biota and their environment, offering a robust foundation for understanding FCS functions. As the key component of terrestrial ecosystems, forests play a pivotal role in FCS by absorbing and sequestering atmospheric CO2 [81]. Applying the ecological systems theory allows for a more accurate assessment of forests’ carbon sequestration potential, which serves as the basis for developing effective FCS management strategies. In terms of dynamic monitoring, integrating the ecological systems theory with modern information technologies, such as remote sensing and big data, facilitates real-time monitoring of key FCS indicators, including forest growth, carbon stock changes, and sequestration rates [82]. This approach provides technological support for the scientific management of FCS and the formulation of precise policies. Moreover, the ecological systems theory guides the exploration and enhancement of FCS potential. By optimizing forest management practices—such as sustainable harvesting, scientific nurturing, and pest control—forest growth rates can be improved, further boosting FCS capabilities. Additionally, ecological restoration measures like afforestation and land rehabilitation can expand forest areas, thereby increasing carbon sequestration capacity. This theoretical framework not only enriches academic research but also has practical implications for sustainable forestry and climate change mitigation efforts.



Second, this study utilizes various satellite data sources, including MODIS, LANDSAT, and NOAA/VIIRS, to construct a remote sensing data set for the factors influencing FCS through data fusion techniques. Advanced image processing technologies and machine learning algorithms are then employed for preprocessing and feature extraction, providing reliable data support for subsequent model construction and evaluation. For key parameters in FCS assessment, remote sensing inversion techniques are applied. By introducing inversion algorithms (e.g., the single-window algorithm) and models (such as the CASA model), we improve both the accuracy and efficiency of parameter inversion. Additionally, we consider the strengths, weaknesses, and complementarity of different remote sensing platforms and data sources in the inversion process. Using methods like multi-source data fusion and model integration, we further enhance the reliability of the inversion results. This approach not only optimizes data collection and processing methodologies but also deepens our understanding of the relationships among various factors influencing FCS, ultimately supporting more effective management practices and policy formulation in forestry carbon sequestration.




6.3. Practical Application Value


In the context of global climate change, FCS play a vital role in mitigating climate change, and their development and variations are influenced by a variety of factors. While the trends in FCS are well-established, the effective regulation of these trends and their alignment with national climate policy objectives remain critical areas for further investigation [83]. This study investigates this issue by examining the policy context and the relevant decision-making bodies involved in China’s FCS management. The goal is to provide readers with a clear policy framework and regulatory mechanisms, thereby facilitating a better understanding of potential future policy adjustments and decision-making processes.



China’s “dual carbon” strategic objectives, which aim to peak carbon emissions by 2030 and achieve carbon neutrality by 2060, have become a central framework for guiding the nation’s environmental protection policies. The policy documents and action plans associated with these goals provide explicit guidance and robust policy support for the advancement of FCS. Key policy documents include the “dual carbon” strategic objectives, the “13th Five-Year Plan for Ecological and Environmental Protection”, and the National Climate Change Plan, among others [84]. These policy frameworks serve as a cornerstone for China’s climate change response, offering an overarching structure for the country’s emission reduction targets and FCS management. They outline specific measures and establish the policy foundation for the development and regulation of FCS [84].



In China, the responsibility for addressing climate change and achieving the “dual carbon” goals is distributed among multiple government departments. The management and regulation of FCS involve various levels of governance and sectors, with several key government agencies playing crucial roles in this process [85]. The primary regulatory bodies and their respective functions in FCS management are as follows:



National Forestry and Grassland Administration (NFGA): As the agency responsible for managing the country’s forest and grassland resources, the NFGA plays a leading role in formulating policies related to FCS, promoting FCS technologies, and advancing FCS projects. NFGA is tasked with the protection, development, and sustainable utilization of forest resources, as well as the construction and management of FCS [86,87,88].



Ministry of Ecology and Environment (MEE): The MEE is the central body responsible for the formulation and implementation of China’s climate change policies, including those related to carbon emissions. In collaboration with the NFGA, the MEE ensures that FCS policies are aligned with broader climate change mitigation strategies [86,87,88].



National Development and Reform Commission (NDRC): As the country’s principal macroeconomic management department, the NDRC plays an integral role in the planning and implementation of climate change policies [86,87,88].



While FCS management has received some policy support, the ongoing evolution of climate change and increasing international pressure indicate that China’s FCS policies still require dynamic adjustments [89]. Accordingly, this study outlines the following policy adjustment directions:



Strengthen interdepartmental coordination: To ensure policy coherence, future efforts must prioritize enhancing cooperation among key departments, such as the National Forestry and Grassland Administration, the Ministry of Ecology and Environment, and the National Development and Reform Commission. This would facilitate the effective integration of FCS projects across different policy domains and mitigate potential policy conflicts [90,91].



Enhance local government implementation capacity: Local governments are pivotal in executing FCS projects. Strengthening their capacity to implement policies will ensure the effective translation of national policies to the local level and facilitate the attainment of national FCS objectives through localized efforts [90,91,92].



Increase transparency in the regulatory mechanism: Enhancing the transparency of FCS projects and publicly sharing relevant information will enable broader public and stakeholder engagement in policymaking and regulatory processes. This approach will foster greater public awareness and support for FCS projects and climate policies [92].



The practical value of this study is primarily reflected in two aspects. First, in policy formulation, applying ecological theories and methods to the study of FCS enhances understanding of the carbon cycling processes within forest ecosystems, the mechanisms of FCS, and the influencing factors. This knowledge provides a theoretical foundation for developing scientific FCS management strategies and offers policymakers a solid basis for decision-making. Such insights are crucial for creating more effective FCS management policies that promote the sustainable development of FCS [93]. Second, in scientific management, this study fosters innovation in FCS assessment and management techniques, equipping forestry departments with more scientific and efficient tools. This innovation enhances monitoring, evaluation, and management capabilities for FCS. Technological advances are a key driving force behind progress in FCS [94]. With rapid technological development, new technical approaches are increasingly applied in FCS monitoring, evaluation, and management, providing strong support for boosting carbon sequestration capacity and promoting green, low-carbon development. Overall, this research not only enriches the theoretical framework of FCS but also contributes to the practical implementation of policies and strategies aimed at optimizing FCS, ultimately supporting ecological sustainability and climate resilience.





7. Outlook and Limitations


In the future, remote sensing technology will play a pivotal role in monitoring FCS. By utilizing satellite and drone-based remote sensing techniques, forest resources can be rapidly and accurately monitored, enabling the acquisition of key parameters such as forest area, biomass, and vegetation coverage—critical indicators for assessing the carbon sink capacity of forests. Additionally, remote sensing technology will facilitate real-time monitoring of natural disasters such as forest fires and pest outbreaks, providing essential data for timely intervention and resource protection [95].



Moreover, the integration of remote sensing technology with Geographic Information Systems (GIS) will expand its applications in FCS management. GIS technology can consolidate and analyze multi-source data, including remote sensing monitoring data and forest resource survey information, to build a comprehensive spatial database of forest resources. This integration will support the digitalization and informatization of forest resource management. Through GIS platforms, the distribution and trends of forest resources can be visually represented, enhancing the development of scientifically informed FCS planning.



Emerging technologies such as the Internet of Things (IoT), big data, and artificial intelligence (AI) also offer substantial potential for the FCS domain. IoT technology will enable real-time monitoring and early warning of environmental conditions, such as soil moisture and light intensity, providing scientific data for precise fertilization and irrigation strategies. Big data technology will facilitate the mining and analysis of vast amounts of FCS data, revealing patterns and trends that can inform targeted FCS policies. AI technologies, leveraging machine learning and deep learning techniques, can predict and evaluate FCS capacity, improving the accuracy and efficiency of assessments [96].



In summary, the innovative application of emerging technologies such as remote sensing not only strengthens monitoring, evaluation, and management capabilities within the FCS field but also supports the transition to green and low-carbon development. As technological advancements continue, the FCS sector is poised to experience even broader development prospects.



This study does have some limitations. First, the factors influencing FCS are complex, and future research could improve the model by incorporating additional influencing factors and proxy variables, thereby enhancing the robustness of the research framework. Second, in future studies, processing of remote sensing imagery could benefit from the introduction of new inversion algorithms and models to improve the accuracy and efficiency of parameter inversion. Lastly, this study focused on FCS factors within a specific region and time frame, and the findings may not be directly applicable to other periods or regions. Future research could build on this study by making localized adaptations to explore FCS in different contexts.




8. Conclusions


This study, framed within the perspective of the Ecological Environmental Systems Theory, began by conducting a structured data extraction of proxy variables using satellite remote sensing imagery from 2013 to 2022. We then combined this data with annual data from 38 cities in Southwest China, along with meteorological data, to construct a comprehensive research data set. Finally, we introduced the PVAR model to investigate FCS and explore the factors influencing changes in FCS from both ecological and socioeconomic perspectives. Figure 19 shows the satellite remote sensing image of Southwest China for the year 2022, while Figure 20 illustrates the FCS capacity in Southwest China based on NPP.



The results of this study reveal that annual average precipitation and the economic development level have a significant positive impact on FCS, while annual average temperature, forestry production value, urban heat island effects, urban scale, population urbanization rate, and road mileage have significant negative effects. In the short term, the variables contributing most to the variance in FCS are forestry production value, annual average temperature, and annual average precipitation. Furthermore, the impact stages of the influencing factors on FCS vary, with forestry production value showing a lag effect. Over the long term, population urbanization rate and economic development level emerge as the primary determinants of FCS, while road mileage and urban scale exhibit relatively stable impacts.
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Figure 1. Characteristics of the Ecological Environmental Systems Theory. 
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Figure 2. Hypotheses and Research Model. 
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Figure 3. Research Design Flowchart. 
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Figure 4. Overall Framework of the Net Primary Productivity (NPP) Estimation Model. 
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Figure 5. Example of Net Primary Productivity (NPP) Estimation. 
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Figure 6. Overall Framework for Estimating Land Surface Temperature (LST). 
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Figure 7. Example of Land Surface Temperature (LST) Estimation. 
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Figure 8. Overall Framework for Estimating the Normalized Building Index (NDBI). 
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Figure 9. Example of Normalized Building Index (NDBI) Estimation. 
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Figure 10. Overall Framework for Estimating the Night Light Index (NLI). 






Figure 10. Overall Framework for Estimating the Night Light Index (NLI).



[image: Sustainability 16 10889 g010]







[image: Sustainability 16 10889 g011] 





Figure 11. Examples of Night Light Index (NLI) Estimation. 
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Figure 12. Map of Southwest China. 
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Figure 13. Topography and Forest Distribution Map of Southwest China. 
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Figure 14. Dataset. 
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Figure 15. Characteristic Root Diagram. 
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Figure 16. Impulse Response Graph. 
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Figure 17. Economic Development Level Map of Southwest China. 
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Figure 18. Distribution Map of Tree Species in Southwest China. 
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Figure 19. The Remote Sensing Imagery of Southwest China (2022). 
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Figure 20. The FCS Capacity in Southwest China Based on NPP (2022). 
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Table 1. Variable codes and units.
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	Variable Codes
	Description
	Units





	NPP
	Forestry carbon sinks
	g·c/m2



	LST
	Urban heat island effect
	°C



	NDBI
	Urban scale
	-



	NLI
	Economic development level
	-



	Rain
	Annual average precipitation
	millimeter



	Temp
	Annual average temperature
	°C



	Forest product
	Forestry production value
	Ten thousand yuan



	Road
	Road mileage
	kilometers



	City rate
	Population urbanization rate
	%







Note: The range of NDBI values is −1 to 1, and the range of NLI values is 0 to +∞.













 





Table 2. Descriptive Statistics.
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	Variables
	Mean
	Standard Deviation





	Forestry carbon sinks
	0.013
	0.002



	Urban heat island effect
	31.804
	2.985



	Urban scale
	0.3
	0.029



	Economic development level
	3.579
	6.626



	Annual average precipitation
	1204.914
	232.614



	Annual average temperature
	17.902
	1.311



	Forestry production value
	25,964.15
	24,293.37



	Road mileage
	4010.634
	2855.805



	Population urbanization rate
	60.431
	20.312










 





Table 3. Unit Root Test Results.
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	Variables
	Unit Root Test Statistic
	p Value





	Forestry carbon sinks
	−17.209 **
	0.000



	Urban heat island effect
	−13.161 ***
	0.000



	Urban scale
	−11.425 ***
	0.000



	Economic development level
	−10.889 ***
	0.000



	Annual average precipitation
	−18.972 ***
	0.000



	Annual average temperature
	−12.189 ***
	0.000



	Forestry production value
	−2.974 **
	0.002



	Road mileage
	−23.378 ***
	0.000



	Population urbanization rate
	−7.526 ***
	0.000







Note: *, **, and *** represent significant levels of 0.01, 0.005, and 0.001, respectively.













 





Table 4. Results of Lag Order Determination.
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	lag
	AIC
	BIC
	HQIC





	1
	−14.711 *
	−10.211 *
	−12.911 *



	2
	−12.646
	−6.826
	−10.308



	3
	−10.338
	−2.878
	−7.328







Note: *, **, and *** represent significance levels of 10%, 5%, and 1%, respectively.













 





Table 5. Co-integration Test.
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	Tests
	Null Hypothesis
	Statistics
	p Value





	Modified Dickey–Fuller t
	no co-integration
	−10.689 ***
	0.000



	Dickey–Fuller t
	no co-integration
	−8.160 ***
	0.000



	Augmented Dickey–Fuller t
	no co-integration
	−2.925 ***
	0.002



	Unadjusted modified Dickey–Fuller t
	no co-integration
	−15,061 ***
	0.000



	Unadjusted Dickey–Fuller t
	no co-integration
	−9.291 ***
	0.000







Note: *, **, and *** represent significance levels of 10%, 5%, and 1%, respectively.













 





Table 6. Model Regression Results.
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	Forestry Carbon Sinks
	Coefficient
	Standard

Deviation
	z Value
	p > |z|





	Urban heat island effect L1.
	−0.0531301
	0.0209777
	−2.53 **
	0.011



	Urban scale L1.
	−0.0517871
	0.0248027
	−2.09 **
	0.037



	Economic development level L1.
	0.6752364
	0.055717
	12.12 ***
	0



	Annual average precipitation L1.
	0.0607812
	0.0112915
	5.38 ***
	0



	Annual average temperature L1.
	−0.2565574
	0.0254564
	−10.08 ***
	0



	Forestry production value L1.
	−0.0531301
	0.0209777
	−2.53 **
	0.011



	Road mileage L1.
	−0.0444346
	0.0051645
	−8.60 ***
	0



	Population urbanization rate L1.
	−0.2924407
	0.0387462
	−7.55 ***
	0



	Forestry carbon sinks L1.
	−0.3820049
	0.023746
	−16.09 ***
	0







Note: *, **, and *** denote that the null hypothesis is rejected at significance levels of 10%, 5%, and 1%, respectively.













 





Table 7. Granger Causality Test.






Table 7. Granger Causality Test.





	Variables
	Null Hypothesis
	chi2
	p Value





	Urban heat island effect
	Urban heat island effect does not Granger-cause FCS
	6.415 **
	0.011



	Urban scale
	Urban scale does not Granger-cause FCS
	4.36 **
	0.037



	Economic development level
	Economic development level does not Granger-cause FCS
	146.871 ***
	0.000



	Annual average precipitation
	Annual average precipitation does not Granger-cause FCS
	28.976 ***
	0.000



	Annual average temperature
	Annual average temperature does not Granger-cause FCS
	101.572 ***
	0.000



	Forestry production value
	Forestry production value does not Granger-cause FCS
	2.821 *
	0.093



	Road mileage
	Road mileage does not Granger-cause FCS
	74.025 ***
	0.000



	Population urbanization rate
	Population urbanization rate does not Granger-cause FCS
	56.966 ***
	0.000







Note: *, **, and *** denote that the null hypothesis is rejected at significance levels of 10%, 5%, and 1%, respectively.













 





Table 8. Variance decomposition.






Table 8. Variance decomposition.





	Response Variable and

Forecast

Horizon
	Forestry Carbon Sinks
	Urban Heat

Island Effect
	Urban Scale
	Economic Development Level
	Annual Average Precipitation
	Annual Average Temperature
	Forestry Production Value
	Road Mileage
	Population Urbanization Rate





	1
	0.6992
	0.0790
	0.0074
	0.0031
	0.0254
	0.0979
	0.0010
	0.0000
	0.0869



	2
	0.5378
	0.05338
	0.0052
	0.0625
	0.0759
	0.1873
	0.0138
	0.0030
	0.0613



	3
	0.4494
	0.0457
	0.0051
	0.0549
	0.1020
	0.1698
	0.0987
	0.0066
	0.0678



	4
	0.3976
	0.0405
	0.0045
	0.0555
	0.1000
	0.1510
	0.162113
	0.0087
	0.0780



	5
	0.3849
	0.0393
	0.0046
	0.0578
	0.0978
	0.1471
	0.1760
	0.0094
	0.0831



	6
	0.3726
	0.0380
	0.0046
	0.0648
	0.0950
	0.14253
	0.1797
	0.0095
	0.0933



	7
	0.3648
	0.0372
	0.0046
	0.0707
	0.0931
	0.1425
	0.1774
	0.0093
	0.1003



	8
	0.3553
	0.0363
	0.0047
	0.0816
	0.0907
	0.1395
	0.1747
	0.0091
	0.1082



	9
	0.3468
	0.0354
	0.0048
	0.0926
	0.0885
	0.1383
	0.1706
	0.0089
	0.1142



	10
	0.3372
	0.0344
	0.0049
	0.1063
	0.0860
	0.1361
	0.1662
	0.0087
	0.1202
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