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Abstract

:

Net Ecosystem Productivity (NEP) is an important measure to assess the carbon balance and dynamics of ecosystems, providing a direct measure of carbon source–sink dynamics in terrestrial ecosystems and finding widespread applications in carbon cycle research. However, the nonlinear characteristics of NEP in Xinjiang’s terrestrial ecosystems remain unclear. Additionally, the influence of land use patterns, temperature, and precipitation variations on carbon sink capacity remains unclear. Ensemble Empirical Mode Decomposition (EEMD) is used to investigate the nonlinear variation of NEP in Xinjiang. Landscape pattern analysis of Xinjiang’s land use patterns from 1981 to 2019 is conducted using a 30 km moving window, and the interannual relationships between NEP, land use patterns, and meteorological factors are investigated through EEMD detrending analysis and Pearson correlation. The findings indicate that: (1) NEP exhibits interannual variations, primarily concentrated in the foothills of the Tianshan Mountains, with a three-year cycle. (2) Although NEP changes in most regions are not significant, urban clusters on the northern slopes of the Tianshan Mountains show noteworthy trends, with initial decrease followed by an increase, covering around 34.87% of the total area. Areas at risk of NEP decline constitute approximately 7.32% of the total area. (3) Across Xinjiang, we observe a widespread rise in patch fragmentation and complexity, coupled with a decline in patch connectivity and the size of the dominant patch. Additionally, there is a notable increase in both the diversity and evenness of land use types. However, the correlation between land use patterns and NEP is generally found to be insignificant in the majority of areas, with a percentage exceeding 85%. (4) Approximately 62% of regions in Xinjiang have NEP that is positively correlated with temperature, with significance observed in 33% of these areas. Furthermore, almost 95% of regions demonstrate that NEP is positively correlated with precipitation, with significance noted in 83% of these regions. It appears that precipitation exerts a more pronounced influence on NEP fluctuations in Xinjiang when compared to temperature.






Keywords:


net ecosystem productivity (NEP); nonlinear characteristics; ensemble empirical modal decomposition (EEMD); carbon source/sink; land use patterns












1. Introduction


Global terrestrial ecosystems are indispensable to the carbon cycle [1]. As a vast carbon reservoir, terrestrial vegetation absorbs a substantial amount of carbon dioxide through photosynthesis, storing it in plant tissues. Concurrently, soil acts as a substantial reservoir for organic carbon that is capable of counterbalancing more than 30% of yearly anthropogenic carbon emissions [2]. NEP quantifies the net carbon exchange between terrestrial ecosystems and the atmosphere, indicating the balance between carbon sources and sinks. It is determined by subtracting soil heterotrophic respiration from the net carbon fixed by terrestrial ecosystems. This metric illustrates the pace of variation in net carbon flux or carbon stocks between the land and the atmosphere [3]. NEP serves as a direct indicator of the carbon source or sink status within terrestrial ecosystems [4]. Therefore, monitoring changes in NEP is instrumental for ecosystem management and conservation efforts, furnishing a scientific groundwork for crafting adaptive policies to tackle global transformations [5].



NEP is influenced by a variety of environmental factors, including CO2 levels in the atmosphere and climatic conditions. Besides these, alterations in land use patterns, such as ecological restoration, agricultural practices, and urban development, can significantly impact carbon sequestration rates and storage, thus altering the carbon balance in terrestrial ecosystems [6]. Land Use and Land Cover Change (LUCC) are the primary expressions of human activities interacting with the natural environment. It directly alters ecosystem types, structures, and functions, subsequently affecting the NEP of ecosystems [7]. Previous studies have thoroughly examined the effects of land use change on NEP. Xu et al. used the enhanced BIOME-BGC model to assess the impact of Taihu Lake Basin land use change on the NEP between 1985 and 2010 [8]. Similarly, Gao et al. estimated the impact of land use and LUCC on the NEP in the 1980~1990’s in the intercrossing zone of China [9]. Monitoring changes in landscape patterns can offer detailed insights into the dynamics of land use changes, thus enhancing our understanding of the long-term effects of these changes on the patterns of carbon sinks [10]. However, existing research has predominantly focused on data analysis for the initial and final years of LUCC, overlooking the dynamic processes during this period. Additionally, there exists a restricted research corpus concerning the influence of landscape patterns on NEP [11]. Examining how alterations in landscape patterns affect NEP facilitates the development of more efficient land management tactics, fostering favorable advancements in carbon balance. Consequently, it is vital to examine the consequences of land use alteration trends on the carbon storage capability of terrestrial ecosystems.



China strives to implement rigorous policy initiatives in the forthcoming four decades, with the target to reach a peak in CO2 emissions by 2030 and achieve CO2 neutrality by 2060. This is imperative for promoting sustainable ecological advancement and alleviating the repercussions of climate change [12]. However, climate change can directly impact photosynthesis and respiration within terrestrial ecosystems. Alterations in temperature, precipitation, and CO2 concentrations can influence plant growth and photosynthesis rates, subsequently affecting the ecosystem’s carbon absorption capacity [13]. Climate change has the potential to alter factors like soil moisture, temperature, and microbial activity. These changes can subsequently impact the rate of ecosystem respiration and organic matter decomposition, consequently influencing its capacity for carbon sequestration [14]. Examining the impacts of climate variations on NEP enables us to enhance our comprehension of how ecosystems respond to environmental fluctuations [15]. This further assists in deciphering the reaction and reciprocal mechanisms of ecosystems, directing the development of adaptation and mitigation tactics, and bears noteworthy implications for evaluating the worldwide carbon circulation and its association with climate alterations [16].



Existing research indicates that the NEP of terrestrial ecosystems has experienced significant spatiotemporal heterogeneity changes on a global scale [17]. Concurrently, while the dynamic changes of terrestrial ecosystem NEP have been monitored, most studies have utilized linear regression or the Mann–Kendall trend detection method to detect its linear trend [18], leaving its nonlinear characteristics still largely unexplored [19]. Overlooking the nonlinear features of NEP may mask the ongoing phenomena of NEP intensification and declining trend transitions [20]. Thus, understanding the nonlinear changes in NEP can help identify the key states and inflection points of ecosystems, facilitating the formulation of appropriate conservation strategies and management measures, which is crucial for guiding ecosystem management and preservation [21]. However, Empirical Mode Decomposition Ensemble (EEMD), as a nonlinear trend analysis method, possesses advantages such as adaptability, effective noise reduction, independence from prior knowledge, natural decomposition, a non-parametric nature, and multi-level decomposition integration. It can adapt to nonlinear signals with different frequencies and amplitudes, accurately extract the characteristic components of the signal (Intrinsic Mode Function (IMF)), remove noise, and preserve the natural decomposition of the signal [22]. EEMD does not require assumptions about the signal, making it suitable for nonlinear feature extraction from various types of data without the need for predefined models or parameter settings. Through multiple decompositions and integration, EEMD provides stability and reliability [23], offering a powerful and widely applicable tool for nonlinear trend analysis.



Simultaneously, most studies analyzing the correlation of changes in terrestrial ecosystem carbon sequestration do not undergo detrending [24]. Without detrending, time series data may exhibit apparent trends, potentially leading to misleading correlation results [25]. Correlation analysis between time series without detrending can result in spurious correlations. Detrending, by eliminating trends in time series data, makes the data more stationary [26]. This makes it possible to more accurately estimate the correlation between two variables without being influenced by trends. Therefore, detrending plays a pivotal role in analyzing the connection between vegetation dynamics and climate variability [27]. While linear models are commonly used for detrending, they assume a constant trend in time series, which may yield inaccurate results in non-stationary data. As vegetation changes are inherently nonlinear, linear models may not capture their evolving trends accurately [28]. In contrast, EEEMD offers an adaptive approach for analyzing non-stationary time series. EEMD’s detrending method is flexible and does not rely on predetermined functional forms, making it more robust for identifying trends over time [29]. Moreover, EEMD trends are not influenced by future data, enhancing their reliability in revealing nonlinear patterns. Thus, EEMD detrending is preferable over linear methods for assessing vegetation responses to climate [30].



The Xinjiang region is a crucial hub for China’s energy and economic development, yet it faces challenges in ecological and environmental conservation [31]. Exploring alterations in carbon absorption potential provides the chance to achieve an equilibrium between economic advancement and environmental conservation. Considering the fluctuations in ecosystem carbon sink capacity during the planning of development projects in energy, agriculture, industry, and transportation can aid in reducing carbon emissions, optimizing resource utilization, and promoting sustainable, green development [32]. Moreover, Xinjiang boasts extensive ecosystems, such as grasslands, forests, and wetlands, that exhibit high carbon sink capacities. Comprehending the fluctuations in ecosystem carbon sink capacity facilitates the evaluation of ecosystem health, identification of vulnerable ecosystems, and implementation of corresponding protective measures [33]. By studying the changes in carbon sink capacity, it becomes possible to evaluate the ecosystem’s responsiveness to climate change, guide the formulation of adaptive measures, reduce carbon emissions, and enhance carbon absorption, ultimately mitigating the effects of climate change [34]. Focusing on the Xinjiang area in China, this investigation employs the EEMD technique to scrutinize shifts in the carbon absorption capacity of land ecosystems and the associated alterations in landscape patterns. By utilizing Pearson correlation examination, the research assesses the impact of landscape pattern modifications and temperature–precipitation data (post-EEMD detrending) on NEP fluctuations. The main objectives of this research are: (1) to scrutinize the alterations and nonlinear tendencies of NEP in Xinjiang’s terrestrial ecosystems across various temporal scales; (2) to clarify the changes of land use and land cover transformations in Xinjiang; and (3) to explore the annual correlations among land use changes, meteorological alterations, and NEP through EEMD detrending analysis.




2. Materials and Methods


2.1. Study Area


The Xinjiang Uygur Autonomous Region (Figure 1), positioned in the northwest region of China, spans geographic coordinates ranging from 34°22′ to 49°33′ N and 73°22′ to 96°21′ E. Encompassing an approximate total area of 166 × 104 km2, it represents approximately one-sixth of China’s entire land mass [35]. Situated at the core of the Eurasian continent, Xinjiang is encircled by towering mountain ranges on all sides, including the Altai Mountains, the Kunlun Mountains, and the Tianshan Mountains. Nestled within these three mountainous regions are the extensive expanses of the Junggar and Tarim basins, which constitute Xinjiang’s distinctive geographical feature, often referred to as the “three mountains surrounding two basins”. Xinjiang’s climate typifies the temperate continental arid climate [36]. Overall, there is a noticeable trend of decreasing temperature from the south to the north. The lower latitude areas in the south and southwest have higher temperatures, while the higher latitude regions in the north and northeast are cooler. Additionally, with increasing altitude, temperatures show a decreasing trend, resulting in colder temperatures in mountainous areas. There exists a clear disparity in the spatial distribution of annual precipitation across Xinjiang. It primarily displays a dry climate pattern in the western regions, semi-arid conditions in the east, and comparatively elevated humidity levels in the southern areas. The western regions, like the Tarim Basin and the Kurluktag Desert, receive extremely low annual precipitation, typically less than 100 mm, classifying them as hyper-arid areas. Contrastingly, the eastern regions, like the Junggar Basin and the Ili Valley, receive slightly higher annual precipitation, typically between 100 and 200 mm, placing them in the semi-arid category. Conversely, the southern regions, situated on the southern foothills of the Tianshan and Kunlun Mountains, encounter relatively higher annual precipitation, usually ranging between 200 and 400 mm, resulting in relatively moist semi-arid conditions [37].




2.2. Data Sources


Global NEP simulations from 1981 to 2019 were collected from the National Ecological Data Center (http://www.nesdc.org.cn, accessed on 16 September 2023). The BEPS model was used to produce the global NEP data product for the same period using remote sensing information for vegetation parameters, atmospheric CO2 concentrations, and weather data [38]. The spatial resolution of this data product is 0.072727° × 0.072727°.



From 1981 to 2019, the monthly average temperature grid was derived from an ERA5-Land dataset published by the European Union and European Centre for Medium-Range Weather Forecasts (https://doi.org/10.24381/cds.68d2bb30, accessed on 16 September 2023). It has a spatial resolution of 0.1° × 0.1°, representing the air temperature at 2 m above ground [39]. For subsequent research convenience, the original data unit was converted to degrees Celsius, and its spatial extent was cropped to encompass only the Xinjiang region.



The monthly total precipitation raster data covering the period from 1981 to 2019 was obtained from a dataset shared by Peng Shouzhang on the National Tibetan Plateau Data Center platform (https://zenodo.org/records/3114194, accessed on 16 September 2023). With a spatial resolution of approximately 1 km, the data underwent downscaling for the Chinese region using the Delta spatial downscaling scheme. This downscaling was conducted on the basis of the CRU Global Climate Dataset of 0.5° and the World Climate High Resolution Global Climate Dataset [40]. In addition, the data were further validated with data from 496 independent weather observatories, which were considered reliable. In order to make it easier to study in the future, the original unit of the data has been transformed into mm (mm) and its spatial scope has been cut down so that it only covers the whole of Xinjiang.



Annual land use data from the Zenodo database, covering the period 1990–2019, with a spatial resolution of 30 m (https://zenodo.org/records/4417810, accessed on 16 September 2023) was used. The types of land use are divided into nine types: farmland, forest, shrubland, grassland, water, snow, ice, waste, water, and wetlands. The dataset was created from 335,709 Landsat images available on Google Earth Engine. All available Landsat data were used to produce various temporal indicators, which were then used in a random forest classifier to derive classification results. Through the integration of spatiotemporal filtering and logic reasoning, the spatial and temporal consistency of the proposed algorithm was improved and the overall precision of the classification reached 79.31% [41]. Considering the minimal changes in Chinese land use data before the 1990s [42], and to ensure temporal consistency between LUCC data and NEP data in the time series, 1985 LUCC data was used as a substitute for the 1981–1984 LUCC data and 1990 LUCC data was used as a substitute for the 1986–1989 LUCC data.




2.3. Ensemble Empirical Mode Decomposition (EEMD) Method


EEMD is a method for the decomposition of nonlinear and non-stationary signals into multiple Intrinsic Mode Functions (IMFs). It improves on the old Empirical Mode Decomposition (EMD) approach [43]. EMD is an adaptive signal decomposition technique that breaks down a signal into a sequence of Intrinsic Mode Functions (IMFs). Each IMF characterizes an inherent oscillatory mode within the signal [44]. However, EMD encounters issues of mode mixing when dealing with real signals, meaning that IMFs can interfere with each other. To address this problem, EEMD incorporates an element of randomness. It decomposes the original signal multiple times by adding various noise perturbations [45]. During each decomposition, the nature of the noise perturbation varies, resulting in slightly different IMFs for each iteration. Ultimately, the IMFs obtained from multiple decompositions are averaged, mitigating the impact of noise on the decomposition outcome [46].



The EEMD decomposition procedure is as follows:








	1.

	
Introduce a Gaussian white noise series     w   1   ( t )   into the original data   X ( t )  . The amplitude of the Gaussian white noise series is set at 0.2 times the standard deviation of the original data [47].











     X   1   ( t ) = X ( t ) +   w   1   ( t )   



(1)












	2.

	
Connect the local maxima and minima of the time series data     X   1   ( t )   using a cubic spline to form the upper and lower envelope curves. Subtract the average     m   1   ( t )   of the upper and lower envelope curves from the time series data     X   1   ( t )  .











     f   1   ( t ) =   X   1   ( t ) −   m   1   ( t )   



(2)












	3.

	
Determine whether     f   1   ( t )   meets the specified condition (approaching 0 at every point). If it does, halt the sifting process. Otherwise, use     f   1   ( t )   as the new time series data and repeat step 2. This results in the first IMF:     i m f   1   ( t )  .











         f   2   ( t ) =   f   1   ( t ) −   m   2   ( t )       i m f   1   ( t ) =   f   k   ( t ) =   f   k − 1   ( t ) −   m   k   ( t )      



(3)












	4.

	
The residue     R   1   ( t )   is derived by subtracting     i m f   1   ( t )   from     X   1   ( t )  . If     R   1   ( t )   continues to possess oscillatory components, it is then used as the new time series data and steps two and three are reiterated.











      R   1   ( t ) =   X   1   ( t ) −   i m f   1   ( t )      R   n   ( t ) =   R   n − 1   ( t ) −   i m f   n   ( t )    



(4)












	5.

	
Consequently,     X   1   ( t )   is decomposed into a series of   I m f s   with decreasing frequency and a monotonic trend with at most one extreme point.











       X   1   ( t ) =   ∑  i = 1   n      i m f   i   ( t )   +   R   n   ( t )   



(5)












	6.

	
Step five: Repeat steps one to four 1000 times, introducing different Gaussian white noise in each iteration. The ensemble mean of all the decomposed intrinsic mode functions and long-term trends is taken as the final decomposition result [48].









In this study, we assess the statistical significance of the nonlinear trends delineated by EEMD [49]. The detailed methodology is presented as follows:




	
Generate 5000 white noise sequences of equal length to the original sequence.



	
The EEMD is used to decompose each generated white noise series to extract their long-term trends (IMF).



	
Each extracted long-term trend is divided by the original data standard deviation and the normalized trend is obtained.



	
For each normalized trend, determine the number of extrema. If the count of the extrema is zero, proceed to step 5; if there is one extremum, proceed to step 6.



	
Determine if trend values exceed the confidence interval:




	
Identify the corresponding range for the trend of the added white noise sequences at a 95% confidence level, which is 1.96 times the standard deviation.



	
For the normalized trend, evaluate whether it falls outside the confidence interval. If it does, the trend is considered significant; otherwise, it is deemed not significant.








	
Identify inflection points:




	
Locate the inflection points within the normalized trend, which are the extrema.



	
Before the inflection point, execute step 5.



	
After the inflection point, compute the difference in trends divided by the standard deviation and then proceed to step 5.













On the basis of the significance of EEMD trends, the nonlinear trends of EEMD fall into five categories (Table 1).




2.4. Pearson Correlation Analysis


Pearson correlation examination is a statistical method utilized to measure the linear connection between two factors [50]. This association is measured utilizing the correlation coefficient, marked as “r”, which spans from −1 to 1. A value of “r” nearer to 1 or −1 shows a more robust correlation, whereas an “r” close to 0 proposes minimal to zero linear connection between the factors. The symbol of “r” signifies the direction of the correlation: a positive value indicates a favorable correlation, whereas a negative value indicates an adverse correlation. The equation to compute the correlation coefficient r is:


    r =    ∑    X −   X  ¯      Y −   Y  ¯        n   S   X     S   Y      



(6)






    S   X   =       ∑    X −   X  ¯        2     n − 1     



(7)






    S   Y   =       ∑    Y −   Y  ¯        2     n − 1     



(8)







In the formula,     S   X     and     S   Y     represent the standard deviations of variables   X   and   Y  , respectively, and   n   signifies the sample size.



Moreover, the p-value is frequently utilized to assess the significance of the correlation coefficient, determining whether the correlation genuinely exists or may be attributable to random factors. Typically, if the p-value is less than a predefined significance level, the correlation coefficient is deemed statistically significant [51].



In this investigation, we first utilized the EEMD approach to remove trends from both the NEP and meteorological information. Subsequently, we utilized Pearson correlation examination to explore the relationships among various meteorological variables and NEP. To quantitatively assess the impact of diverse meteorological variables on NEP, we chose the meteorological variable with the greatest squared correlation coefficient (the determination coefficient, r2) for each pixel, recognizing it as the principal climatic factor influencing vegetation in that pixel [52].




2.5. Land Use Patterns Analysis


Landscape metrics are utilized as tools to evaluate and dissect land use configurations, providing insights into the spatial dispersion and organizational characteristics of various land use categories [53]. They offer quantitative representations of compositional attributes, spatial allocation, and the dynamic transformations occurring within land use patterns. In this study, the Fragstats 4.2.1 software’s mobile window method was employed to calculate landscape indices using time series land use data for Xinjiang spanning from 1981 to 2019. When determining landscape configuration indices, it is crucial to consider three key factors: the features of the landscape elements, the spatial layout of the landscape components, and the overall diversity of the landscape [54]. With a focus on quantifying landscape metrics to capture shifts in landscape configurations and evaluating their correlation with NEP, six representative indices were carefully selected, taking into account the specific circumstances of this investigation.



	
Patch Density (PD): PD quantifies both the quantity and distribution density of patches for a specific land use type. A higher patch density indicates a greater number of dense patches, whereas a lower patch density implies fewer and more scattered patches;



	
Largest Patch Index (LPI): LPI assesses the size of the largest contiguous patch within a land use type. Higher LPI values indicate larger contiguous patches, while lower values suggest smaller ones;



	
Area Weighted Mean Patch Fractal Dimension (AWMPFD): AWMPFD evaluates the complexity of patches within a land use type. Higher AWMPFD values indicate more complex patch shapes, while lower values suggest simpler ones;



	
Contagion (CONTAG): Contagion reflects the degree of spatial separation between different land use types. A higher index indicates relative separation, while a lower index suggests a more mixed distribution;



	
Shannon’s Diversity Index (SHDI): SHDI measures the diversity and evenness of land use types. Higher SHDI values indicate greater diversity, while lower values suggest less diversity;



	
Modified Simpson’s Evenness Index (MSIEI): MSIEI measures the evenness of distribution between different land use types. Higher MSIEI values indicate a more even distribution, while lower values suggest uneven distribution.






These indices can be utilized to assess various aspects of land use patterns, including patch quantity, size, shape complexity, spatial separation, diversity, and evenness [55]. Through the calculation and comparison of these indices, quantitative insights into land use patterns can be derived. This process facilitates the exploration of relationships between different land use types, spatial distribution characteristics, and their ecological implications (Figure 2).





3. Results


3.1. Multi-Time Scale Variations of the NEP in the Terrestrial Ecosystems of Xinjiang


At the regional scale, the Net Ecosystem Productivity (NEP) was decomposed into five Intrinsic Mode Function (IMF) components and one upward trend, as illustrated in Figure 3. The average periods for these five IMF components are 3, 5, 7, 16, and 34 years, as shown in Table 2. Among them, IMF1 has the largest average variance contribution, accounting for 42.8%, followed by IMF2. Thus, NEP is more susceptible to external disturbances on shorter time scales. Concurrently, with a variance contribution rate exceeding 10% on a 7-year time scale, the interannual variability is also noteworthy and should not be ignored.



On the 3-year time scale, areas along the northern foot of the Tianshan Mountains, especially regions like Tacheng, Changji, and Bozhou, which are primarily characterized by alpine meadows and grasslands, as well as regions like Yili, Altay, and Urumqi, where grasslands, alpine meadows, wetland vegetation, and coniferous forests dominate, exhibit variance contribution rates exceeding 37% (Figure 4a).



On the 5-year time scale, areas with variance contribution rates surpassing 49% are mainly concentrated around the northern slope urban clusters of the Tianshan Mountains, characterized by coniferous forest belts, meadow grasslands, mountain shrubs, and valley wetlands (Figure 4b).



On the 7-year, 16-year, and 34-year time scales, the spatial distribution of variance contribution rates is largely consistent (Figure 4c–e). The primary areas with higher variance contribution rates are in the northern regions of Altay and Tacheng, as well as in areas like Yili, Bozhou, and the Hejing County of Bazhou.



For the long-term trend, regions like Changji, Urumqi, the southern part of Tacheng, and the northern part of Altay exhibit change contribution rates exceeding 14%. This suggests that the long-term trend also has a notable impact on the variations in NEP in certain areas of Xinjiang (Figure 4f).



In summary, the Net Ecosystem Productivity (NEP) in the northern foothills of the Tianshan Mountains in Xinjiang exhibits susceptibility to interannual variations. Across the entire study region, fluctuations on the 3-year and 5-year time scales play a predominant role in driving variations in NEP.




3.2. Spatial Distribution of the Nonlinear Trend in NEP for the Terrestrial Ecosystems of Xinjiang


The majority (53.32%) of the NEP trends exhibit no significant variations and are predominantly located in the northern sector of the study area (Figure 5), characterized primarily by grassland vegetation. Given the climatic and geographical conditions of this region, grasslands emerge as one of the most favorable vegetation types. These grasslands span vast expanses, encompassing extensive areas of alpine meadows and temperate grasslands. Additionally, in regions experiencing notable changes in NEP, the dominant vegetation types comprise coniferous forests, meadows, mountain shrubs, and riparian wetlands, which are predominantly clustered around the northern slopes of the Tianshan Mountains urban cluster. The observed trend often manifests as an initial decrease followed by a subsequent rise, constituting roughly 35% of the total observed changes. This indicates significant potential for ecological restoration in the area, hinting at a possible deceleration in the declining NEP trend and even a potential shift towards an increasing trend. Furthermore, although the proportion of areas exhibiting a consistent decline in NEP is relatively minimal (1.59%), those showing an initial increase followed by a subsequent decline reach 4.49%. This underscores the vulnerability of the ecosystems in these regions to degradation following initial recovery efforts.




3.3. Nonlinear Trends of the Changes in Land Use Pattern in Xinjiang over the Last 40 Years


The Ensemble Empirical Mode Decomposition (EEMD) technique was utilized to conduct trend analysis on six key indices of land use patterns, revealing nonlinear trends within Xinjiang over the past four decades. Examination of each landscape index indicated that only a small portion of the region had insignificant land use changes, suggesting substantial overall alterations in land use patterns across most areas of the region. Specifically, PD exhibits a consistent increase with fluctuations (Figure 6d), implying a growing trend of patch density and fragmentation. Conversely, the LPI generally displays a pattern of increase followed by decrease, accompanied by a steady decline (Figure 6b), indicating a reduction in the maximum patch area. The AWMPFD demonstrates a trend of decrease, followed by increase and a steady rise (Figure 6a), implying an increase in patch shape complexity. However, the contagion index predominantly shows an initial increase, followed by a decrease and a steady decline (Figure 6f), suggesting reduced patch aggregation and connectivity. The SHDI results show the highest proportion of areas experiencing an increase to decrease or showing a steady rise (Figure 6e), reflecting a significant rise in land use diversity and complexity. MSIEI indicates a prevailing trend of an initial decrease followed by an increase, with a steady decline (Figure 6c), suggesting a general increase in land use type evenness, albeit with regional variations.



In general, the fragmentation and shape complexity of the patch generally increased, with a reduction in patch connectivity and the size of the largest dominant patch. Additionally, there is an increase in the diversity and evenness of land use types. However, the changes mostly involve non-monotonic trends with transitions.




3.4. The Correlation between NEP and Land Use Patterns


In order to study the annual relationship between land-use patterns and NEP in space, we used nonlinear detrending techniques to remove trends and extract annual variations in NEP and land use patterns. Then, a Pearson correlation analysis was performed to reveal the potential relationship between the NEP and land use patterns. Our research indicates that, except for MSIEI, which primarily exhibits a positive correlation with NEP, the proportions of areas demonstrating positive and negative correlations between other pattern indices and NEP are comparable (Table 3).



In regions exhibiting notable correlations, AWMPFD, PD, SHDI, and CONTAG demonstrate significant negative correlations with NEP (see Figure 7a,d,e,f), whereas MSIEI and LPI show significant positive correlations with NEP (Figure 7b,c). This indicates that the complexity of the patches, fragmentation, the variety of land use types, and the clustering of patches hinder the growth of the NEP, whereas the greater the uniformity of the patch and the dominant patch area, the greater the NEP.




3.5. The Correlation between NEP and Meteorological Changes


Utilizing detrended NEP data and meteorological information processed with EEMD, we conducted a comprehensive analysis using Pearson’s method on a pixel-by-pixel basis to unveil the inter-annual relationship between climate change and NEP, particularly concerning spatial patterns. Table 4 presents the analysis results regarding the spatial distribution correlation between NEP in Xinjiang over the past 40 years and temperature and precipitation. It is evident that the spatial correlation of NEP with temperature varies across different regions (Figure 8a). Positive correlation is observed in 62% of areas, with 33% exhibiting significant positive correlations, mainly concentrated in the Tianshan mountains and the Kunlun mountain range. Conversely, negative correlation is noted in 38% of regions, with significant negative correlation covering 22% of the total area, primarily in vast plains and desert regions. Regarding the spatial correlation of NEP with precipitation, it is predominantly positive in 95% of areas (Figure 8b), with 83% showing significant positive correlation, while only 5% exhibit negative correlation.



Analyzing the distribution area of key climate factors (Figure 8c), it is evident that the regional NEP is primarily positively correlated with precipitation, whereas its correlation with temperature is comparatively weaker. Precipitation impacts the largest area (88%), while the influence of temperature covers only 12% of the region. This suggests that changes in Xinjiang’s NEP are more responsive to precipitation variations. A rising trend in precipitation positively contributes to the local NEP.





4. Discussion


4.1. Variations in the NEP on Multiple Time Scales


At the regional scale in Xinjiang, variations in NEP primarily follow a 3-year cycle, with a variance contribution rate of 42.8%. The annual NEP demonstrates a trend of short-term fluctuating growth. Simultaneously, cyclical changes on a 5-year scale have a significant contribution to NEP, accounting for 29.7% of the total. Areas affected by these short-term scale fluctuations are mainly located in the northern foothills of the Tianshan mountains, with vegetation predominantly consisting of alpine meadows and grasslands [56]. The carbon flux and its components in the alpine meadow ecosystems are highly sensitive to grassland degradation [57]. Due to their high-altitude locations, they possess a shorter growing season [58]. This suggests that short-term adverse climatic events, such as persistent low temperatures or snowfall, could have detrimental effects on the entire growing season of the vegetation [59]. Furthermore, the root structures of vegetation in alpine meadows and grasslands are typically fragile. Plants in these ecosystems often have shallow and underdeveloped root networks unable to efficiently shield the soil and vegetation from disturbances [60]. Consequently, these systems, when subjected to short-term disruptions, may experience alterations in soil texture and moisture distribution, subsequently affecting the growth and survival conditions of plants [61,62]. However, these ecosystems can also be impacted by human activities such as grazing, agriculture, and wastewater discharge. These short-term human-induced interferences can rapidly alter the vegetation structure and ecological functions of the region [63].



In summary, alpine meadows and grasslands are especially susceptible to environmental fluctuations over short time frames due to their heightened sensitivity to such changes, coupled with the fragility of their vegetation’s root structures, alterations in soil texture and moisture, and human interventions. These factors make these ecosystems particularly vulnerable to disturbances over a 3–5-year short-term span. As such, the protection and management of these ecosystems should take these factors into account, implementing appropriate measures to reduce the negative impacts of short-term disturbances on vegetation and thereby promoting their recovery and sustainable progression.



In addition, the distributions of the long-term variations on the 7-year, 16-year, and 34-year time scales and the long-term trend are similar. They are primarily concentrated in the northern regions of Altay and Tacheng, as well as in areas such as Ili, Bortala, and the Hejing county of Bayingol. These regions predominantly feature coniferous forests, desert vegetation, and cultivated lands [64]. Due to their characteristics, they are more susceptible to long-term inter-annual changes rather than short-term disturbances. Coniferous forests, for instance, typically possess longer lifecycles and slower growth rates, enabling them to better adapt to sustained environmental shifts. Short-term environmental changes, such as mild droughts or brief temperature fluctuations, may not immediately inflict significant harm upon them [65]. On the other hand, desert vegetation has evolved to withstand the pressures of extreme conditions, including high temperatures, droughts, and intense sunlight. This adaptive capacity enables them to resist short-term environmental oscillations. As a result, these types of vegetation tend to have a higher resilience to short-term environmental fluctuations [66]. Whereas certain brief disturbances might harm these ecosystems, they exhibit a relatively strong ecological recovery capability and the adaptability to withstand a degree of natural change and environmental stress. Moreover, under human management, farmlands are less susceptible to short-term disturbances, ensuring a relatively stable ecosystem [67].



Nevertheless, it is crucial to recognize that even relatively stable vegetation and agricultural lands can be influenced by natural elements and human activities. Prolonged or accumulated short-term disturbances might gradually exert their effects on them [68]. Hence, the protection and management of these ecosystems remain of the utmost importance.




4.2. Spatial Distribution of the Nonlinear Trend of the NEP


Since the 1980s, particularly after the year 2000, the vegetation coverage in most parts of Xinjiang has seen a notable improvement [69]. However, the study indicates that in 53.32% of regions, the alteration in NEP is insignificant; these regions are predominantly located in the northern section of the study area. This indicates that an increase in vegetation greening does not necessarily lead to an increase in carbon sequestration. One potential reason could be the overall arid nature of Xinjiang, especially in its northern regions. Even if vegetation cover expands, an absence of a corresponding increase in water resources might hinder the growth in ecosystem productivity [70]. The greening of the vegetation might be a result of policies like converting cultivated land back to forests and ceasing grazing to restore grasslands. However, the productivity of newly afforested areas might not surpass that of agricultural lands.



Meanwhile, the study found that 46.68% of the regions in Xinjiang exhibited significant changes in NEP. The areas with significant changes are mainly distributed in the northern part of Xinjiang, especially in the urban clusters on the northern slope of the Tianshan Mountains. However, within these areas with significant changes, the NEP exhibited different trends, including monotonic increases, initial decreases followed by increases, and sustained decreases. Although the ecological environment in Xinjiang is generally on a favorable developmental trajectory, there are evident phased fluctuations. Thus, a mere linear trend cannot adequately capture the nonlinear characteristics inherent to the shifts in NEP’s trends [71].



The EEMD method employed in this study further exposes the trend shifts in NEP changes over the past 40 years in China’s terrestrial ecosystems. Upon EEMD analysis, it was discovered that only 5.73% of the regions exhibit a monotonically increasing trend, while 34.87% demonstrate an apparent trend of decreasing first and then increasing; these are primarily located in the urban clusters on the northern slope of the Tianshan mountains. This is attributed to the relatively favorable geographical conditions of the Tianshan northern slope, which is characterized by a more humid climate and superior soil quality that is conducive to the healthy development of ecosystems [72]. Compared to other regions of Xinjiang, the water resource management of the Tianshan northern slope urban clusters might have benefited from more optimized strategies and technologies, thereby maintaining ecological equilibrium more effectively [73]. The multitude of ecological restoration and afforestation projects implemented in the northwest region aim to rejuvenate degraded lands and increase vegetation cover, leading to a consistently rising trend in the ecosystem’s NEP. However, with urbanization and agricultural progression, most regions might have undergone land use changes, like transitioning from natural vegetation to agricultural or construction lands [74]. This might result in a short-term decline in NEP. Subsequently, with the enforcement of ecological restoration and management measures, NEP again exhibits a rising trend.



In terms of influencing factors, the Xinjiang region has witnessed considerable land use transformations, such as urbanization, industrialization, and agricultural expansion [75]. Initially, these developments might have positively impacted the ecosystem, for instance, by enhancing agricultural productivity through irrigation. However, these advancements subsequently resulted in issues like land degradation, water scarcity, and ecological degradation [76], inducing a prominent “rise-then-fall” trend in 4.49% of the areas. Additionally, Xinjiang, characterized by its arid nature, has seen a spike in water demand due to the expansion of agriculture and industry, potentially leading to moisture deficits in specific ecosystems. Factors like excessive grazing and ill-advised agricultural practices further exacerbate land degradation [77], resulting in a consistently decreasing trend in NEP across 1.59% of the regions.



However, these trend shifts highlight the complexity and dynamism of ecosystem evolution, which does not always follow a straightforward linear model. Both restoration and degradation can coexist. Therefore, unlike the linear trend analysis of NEP, nonlinear trend analysis enables the exploration of hidden restorative potential and the potential risks of degradation. It reveals the true trajectory of NEP changes, aiding in a more thorough assessment of Xinjiang’s terrestrial ecosystems’ carbon sink capacity and evolving patterns.




4.3. Nonlinear Trends of the Changes in Land Use Pattern


Since the late 1980s, China’s land use change has exhibited significant spatiotemporal heterogeneity [78]. This study reveals significant changes in the landscape pattern of Xinjiang, China, which is characterized by increased dispersion, complexity, diversity, and uniformity. Previous research has noted changes in land use patterns, highlighting a growing level of both fragmentation and aggregation. However, these studies often concentrate on specific or short-term changes in land use patterns, overlooking long-term trends in landscape patterns [69].



This study shows that PD, AWMPFD, SHDI, and MSIEI trends are predominantly rising, whereas LPI and CONTAG display mainly declining trends. This indicates an overall rise in patch fragmentation and shape complexity, alongside an increase in the diversity and uniformity of land use types. Examining the developments in Xinjiang over the past four decades, the shifting trends in landscape indices offer vital insights into the evolution of land use patterns.



The rise in PD suggests increased complexity in land use across Xinjiang, with patches becoming more densely distributed spatially. This could stem from human activities like urbanization and agricultural expansion, causing greater fragmentation of land use types. AWMPFD’s increase may indicate a reduction in the average size of land use patches, possibly due to urban expansion and farmland fragmentation creating more transitional areas between land use types. The uptick in SHDI implies growing diversity in Xinjiang’s land use pattern over time, likely influenced by shifts between different land use types. MSIEI’s rise suggests increased complexity in land use patch shapes, possibly influenced by human activities making land use type boundaries more intricate. Conversely, LPI’s decline signifies heightened overall patch fragmentation, while CONTAG’s decrease reflects diminished contrast between land use patches. Both declines imply increased patch fragmentation, indicating reduced clustering of land use patches and less distinct boundaries. In summary, these trends likely result from various factors such as urban expansion, agricultural activities, and land use policies shaping Xinjiang’s landscape over the past four decades.



In recent years, the accelerated urbanization in the northern foothills of the Tianshan Mountains may have led to changes in land use structure [32]. Urban expansion and construction may result in the destruction and fragmentation of the original ecological landscape, leading to an increasing trend in landscape indices such as PD, AWMPFD, SHDI, and MSIEI. Meanwhile, agriculture is one of the main economic activities in Xinjiang [79], and frequent agricultural activities may lead to changes in land use types, such as the expansion of cultivated land and adjustments to farmland structures, affecting landscape patterns. These changes may manifest as an increasing trend in landscape indices. Adjustments to land use policies by the government may affect the development direction of agriculture and urbanization. Changes in policies may lead to the adjustment of land use structures, subsequently affecting landscape patterns. However, the above changes may have profound impacts on the structure and function of ecosystems [80]. Increased urbanization and agricultural activities may disrupt the original ecological balance, leading to an increase in the complexity of the ecosystem that is reflected in the increase in the four landscape indices. Conversely, the decrease in LPI and CONTAG indicates a weakening of the original ecological connectivity and uniformity, possibly due to changes in land use type and human disturbance.




4.4. Interannual Relationship between Land Use Patterns and NEP


Previously conducted research has indicated that land use patterns also influence the variation of Net Ecosystem Production (NEP). Urbanization, for instance, has led to a carbon source shift in certain regions, whereas afforestation and reforestation contribute to increased carbon sinks [81]. In the current study, it was noted that the LPI and the MSIEI show primarily positive correlations with NEP, implying that an expansion in the area of dominant patches and a uniform distribution of patches aid in augmenting NEP. Conversely, the CONTAG, along with the AWMPFD, SHDI, and PD, demonstrate significant negative correlations with NEP. This suggests that high land use type aggregation, fragmentation, diversity, and shape complexity impede the increase in NEP.



The Xinjiang region has relatively low forest coverage, with forest patches typically being small and dispersed [82]. However, forests generally possess high carbon sequestration capabilities and the forests in the natural vegetation of Xinjiang are crucial carbon reservoirs, with an annual carbon storage of 176.02 million tons [83]. During the preceding four decades, initiatives aimed at ecological safeguarding and rehabilitation, encompassing the sustained execution of natural forest preservation and afforestation endeavors, have elevated the forested expanse to 120 million hectares, attaining a forest coverage proportion of 5.02% in Xinjiang [84]. This has led to an improvement in both LPI and MSIEI by increasing the forested area and improving forest structure. Simultaneously, the fragmented boundaries of forest patches have become more complex, resulting in higher MSIEI values. This improvement likely includes adjustments to the size and distribution patterns of forest patches to promote biodiversity, species migration, and ecosystem stability. The positive correlation indicates that positive outcomes have been achieved in terms of ecological conservation and restoration.



On the other hand, regarding the CONTAG index, which measures the degree of mixture between different land types, non-forest land types tend to have higher degrees of mixture, resulting in lower CONTAG values. The AWMPFD index, which assesses the self-similarity and fractal characteristics of patches, is generally higher for non-forest land types due to their varied forms and structures. The SHDI index, used to measure landscape diversity, is typically higher for non-forest land types. The PD index, representing the number of patches per unit area, is generally higher for non-forest land types with higher patch densities [85]. Landscape indices such as CONTAG, AWMPFD, SHDI, and PD may be closely associated with non-forest land types (such as grasslands, deserts, or farmland) and regions with lower carbon sequestration capabilities, resulting in a negative correlation with terrestrial carbon sinks.



Human activities and land use practices in Xinjiang can have a significant impact on landscape configurations and carbon sequestration. For example, large-scale farming, urban sprawl, and land fragmentation can result in the fragmentation of the landscape, which may have a negative impact on the connectivity of habitats and vegetation and eventually lead to a reduction in carbon sequestration [86]. Indicators such as the MSIEI and LPI reflect habitat connectivity and integrity. Higher LPI and MSIEI values indicate that larger and more interconnected habitat patches are present, facilitating species migration and gene flow. This improved connectivity is critical in maintaining the integrity and functionality of the ecosystem, thereby enhancing carbon sequestration.




4.5. Interannual Relationship between NEP and Meteorological Changes


Climate change is a primary factor causing spatial–temporal disparities in NEP, especially in a country like China, which encompasses diverse geographic environments and spans multiple climatic zones [87]. Due to geographical, climatic, and ecological differences between northern and southern China, there are significant disparities in ecosystems’ responses to climatic factors [88,89]. In the humid regions south of the Yangtze River, ample annual rainfall reduces moisture constraints and temperature variations (especially during the growing season) largely determine plant growth periods and productivity [90]. Conversely, in the arid and semi-arid regions of the northeast and northwest, limited precipitation makes moisture the predominant factor constraining plant growth and ecosystem productivity [91].



Over the past century, both temperature and precipitation in China have been on an upward trajectory, especially in the northwest, where the rise in precipitation over recent decades has been notably pronounced, steering the region towards a warmer and wetter climate trend [92]. Vegetative growth is intrinsically tied to climatic factors [93,94]. The vegetation in most parts of Northwestern China is better adapted to the local trend of increasing warmth and humidity, which is conducive to plant growth [95].



Numerous studies currently indicate that Xinjiang’s climate is transitioning from warm–dry to warm–wet and, with grasslands as the predominant vegetation type in Xinjiang, the increase in precipitation could potentially stimulate grassland growth [96]. The study findings reveal that approximately 62% of regions in Xinjiang exhibit a positive correlation between NEP and temperature, with 33% demonstrating a significant positive correlation. Nearly 95% of areas show a positive correlation between NEP and precipitation, with 83% displaying a significant correlation. The spatial distribution variations in Xinjiang are primarily attributed to the sensitivity of vegetation to changes in precipitation. This is attributed to Xinjiang’s location in the northwest of China, which is characterized by arid to semi-arid climatic conditions, with higher average temperatures and limited rainfall. Given that moisture is the pivotal factor restricting grassland growth, increased precipitation can bolster soil moisture supply for vegetation, enhance photosynthetic rates, and subsequently bolster the carbon sequestration capabilities of vegetation. Compared to this, the impact of temperature changes on the NEP is relatively minor, possibly because the vegetation in Xinjiang is better adapted to the gradually warming and humidifying local climate trend.



The future adaptation of NEP in the Xinjiang region to changes in precipitation is a complex and critical issue for ecosystems. The impact of precipitation changes on NEP primarily occurs through influences on plant growth, soil moisture, and the carbon cycle within ecosystems [97]. Effective soil moisture management is crucial for maintaining the water supply to vegetation ecosystems. This may involve implementing measures to reduce soil evaporation, enhance soil water retention, and improve water use efficiency. Simultaneously, the implementation of scientific ecosystem management measures, such as vegetation restoration, soil and water conservation, and rational land use planning, can assist in enhancing the stability of ecosystems, enabling better adaptation to changes in precipitation levels [98]. The establishment of a comprehensive monitoring system that provides real-time data on precipitation, vegetation growth, and other factors is essential for an early warning of future changes, facilitating timely adjustment measures. Public engagement and community collaboration are also pivotal strategies for addressing precipitation changes. Through education and cooperative efforts, awareness of environmental changes can be heightened, fostering the implementation of sustainable development practices. It is important to note that a comprehensive understanding of future precipitation changes requires the consideration of climate model predictions, region-specific ecosystem characteristics, and human activities. Therefore, interdisciplinary research and cross-sector collaboration are key to formulating effective adaptation strategies.



In summary, our research highlights the impact of climate change on NEP, with a particular emphasis on the significant influence of precipitation fluctuations. This finding holds important practical implications for understanding ecosystem responses to climate change and offers valuable insights for future predictions and adaptations in the face of changing climate conditions. Through an exploration of the ecological mechanisms underlying the NEP, our study contributes to a more profound understanding and provides guidance for future ecosystem management and conservation endeavors.




4.6. Limitation and Future Direction


This study provides an objective analysis of China’s terrestrial ecosystem carbon sink capacity over the past four decades, examining spatial-scale variations and nonlinear development trends. It also investigates the influence of land use patterns, temperature, and precipitation on the spatiotemporal evolution of this capacity. However, landscape indices calculations rely on the accuracy and resolution of remote sensing data. Lower data quality or an insufficient resolution may adversely affect the reliability and accuracy of these indices. In EEMD, certain parameter selections require subjective judgment and empirical consideration, such as those pertaining to noise standard deviation and decomposition scales. However, these parameter choices may influence the final outcomes. Meanwhile, this research focuses solely on hydrothermal factors when studying the impact of meteorological factors on the carbon sink pattern in Xinjiang. Furthermore, the study fails to investigate the strength of the correlation between landscape patterns and a range of climate-related and natural factors. Thus, it becomes imperative not only to evaluate different landscape indicators to determine the most suitable ones but also to account for the influence of various factors on NEP in future research. Additionally, the carbon sink capacity of terrestrial ecosystems is affected by diverse natural factors, including solar radiation, CO2 concentration, and nitrogen deposition [99]. Hence, in future research, it is essential to consider coupling multiple factors, comprehensively analyze the impacts of various influencing factors on changes in terrestrial ecosystem carbon sink capacity, and provide theoretical support for decision makers to formulate short-term and long-term ecological carbon sequestration and regulation goals.





5. Conclusions


This study employs the EEMD trend method to examine the nonlinear variations in NEP in the Xinjiang region and further assesses the impact of climatic changes on the carbon sequestration capability of Xinjiang terrestrial ecosystems by correlating the detrended NEP data from EEMD with meteorological factors. The primary conclusions drawn are as follows:



The NEP changes in the Xinjiang region primarily follow a 3-year cycle, with an average variance contribution rate of 42.8%, showcasing a short-term fluctuating growth trend. Additionally, the 5-year cyclical changes significantly contribute to NEP variations (29.7%). The areas mainly affected by these short-term fluctuations are predominantly located on the northern slopes of the Tianshan Mountains, which are characterized by alpine meadows, grasslands, and wetland vegetation. Meanwhile, the 7-year scale has an average variance contribution rate of over 10% and areas primarily impacted include the northern parts of Altay and Tacheng, as well as Yili, Bortala, and Hejing County in Bazhou. These areas feature a mix of coniferous forests, mountain shrubs, and farmlands, thus making them susceptible to long-term interannual variations.



A significant portion of the study area (53.32%) displays no notable NEP variation trend. These areas are predominantly located in the northern region and characterized by alpine meadow grasslands and temperate grasslands. For areas with significant NEP changes, they mainly center on the Tianshan northern slope urban agglomeration, which is dominated by coniferous belts, meadow grasslands, mountain shrubs, and wetlands. The trend here primarily follows an initial decrease followed by an increase, accounting for about 35% of the overall change. The areas where the NEP shows a continuous decrease or an initial increase followed by a decrease occupy almost 7% of the region, suggesting a potential risk for NEP decline in the remaining parts.



The landscape pattern in the Xinjiang region of China has undergone significant changes, exhibiting trends towards increased dispersion, complexity, diversity, and uniformity. This study reveals that the PD, AWMPFD, SHDI, and MSIEI predominantly show an increasing trend, while the LPI and CONTAG primarily exhibit a decreasing trend. This suggests a general rise in patch fragmentation and shape intricacy, coupled with improved diversity and consistency in land use categories.



However, land use patterns also influence the changes in NEP. For instance, urbanization may lead to a carbon source shift in some areas, whereas afforestation contributes to an increase in carbon sequestration. This study reveals a positive correlation between LPI or MSIEI and NEP, indicating that an expansion in dominant patch area and a balanced distribution of patches contribute to an increase in NEP. On the other hand, CONTAG, as well as AWMPFD, SHDI, and PD, exhibit a significant negative correlation with NEP. This indicates that high land use type aggregation, shape complexity, diversity, and fragmentation inhibit increases in NEP.



In Xinjiang, the spatial correlation between NEP and climatic factors is evident, with approximately 62% of the area demonstrating a positive correlation with temperature. Within this region, 33% exhibits a significant positive correlation, notably across the Tianshan Mountains and the Kunlun Mountains, while 38% shows a negative correlation, with 22% displaying a significant negative trend, primarily in plains and deserts. Nearly 95% of the areas show a positive spatial correlation between NEP and precipitation, with 83% being statistically significant, while only 5% has a negative relationship. Moreover, the NEP changes in Xinjiang are more sensitive to precipitation changes and the increasing precipitation levels positively contribute to the region’s NEP augmentation.
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Figure 1. Study area overview diagram. (a): Distribution map of the study area; (b): elevation of the study area; (c): average annual air temperature in the study area; (d): average annual precipitation in the study area. 
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Figure 2. Technical lines of research. 
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Figure 3. EEMD analysis of the average NEP changes during 1981–2019. IMF1-IMF5 and residue representing variations on different time scales and long-term trend, respectively. 
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Figure 4. Spatial distribution of the variance contribution rates of different time scales to NEP changes, classified using 20% quantiles: (a) 3-year time scale, (b) 5-year time scale, (c) 7-year time scale, (d) 16-year time scale, (e) 34-year time scale, and (f) long-term trend. 
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Figure 5. Nonlinear trends of NEP changes in Xinjiang from 1981 to 2019. 
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Figure 6. Spatial distribution of land use pattern changes in Xinjiang from 1981 to 2019: (a) AWMPFD, (b) LPI, (c) MSIEI, (d) PD, (e) SHDI, and (f) CONTAG. 
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Figure 7. Interannual relationship between NEP and land use patterns: (a) AWMPFD, (b) LPI, (c) MSIEI, (d) PD, (e) SHDI, and (f) CONTAG (r: correlation coefficient; p: significance level). 
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Figure 8. Interannual relationship between NEP and temperature (a) or precipitation (b) (r: correlation coefficient; p: significance level) and spatial distribution of key climatic factors affecting NEP in the Xinjiang (c). 
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Table 1. The nonlinear trend of the EEMD.
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	Type
	Description





	No significant change
	the trend is not significant in any year



	Monotonic increase/decrease
	the trend exhibits a monotonic increase/decrease with statistical significance in at least one year



	Initial increase then decrease/initial

decrease then increase
	the trend initially increases and then decreases/decreases and

then increases, including a local maximum/minimum, with

statistical significance in at least one year










 





Table 2. Variance contribution rate (VC, %) and average period (year) of the average NEP change of all pixels on different time scales.
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Variable Types

	
Statistical Indicators

	
IMF1

	
IMF2

	
IMF3

	
IMF4

	
IMF5

	
Residue






	
Period

	
Mean

	
3

	
5

	
7

	
16

	
34

	
-




	
Std

	
0.3

	
0.6

	
1.3

	
6.3

	
8.1

	
-




	
Variance Contribution

	
Mean

	
42.8

	
29.7

	
11.2

	
5.5

	
2.7

	
8.1




	
Std

	
8.2

	
6.7

	
6.2

	
4.3

	
4.0

	
8.6











 





Table 3. Area percentages of Correlation between pattern of land use and NEP (%).
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	AWMPFD
	LPI
	MSIEI
	PD
	SHDI
	CONTAG





	r > 0, p > 0.05
	39.4
	59.9
	46.9
	38.7
	41.1
	36.5



	r > 0, p < 0.05
	5.1
	20.7
	10.1
	5.8
	5.3
	4.5



	r < 0, p > 0.05
	46.6
	18.3
	37.4
	45.9
	45.9
	47.4



	r < 0, p < 0.05
	8.9
	1.1
	5.5
	9.6
	7.7
	11.6










 





Table 4. Area percentage of the correlation between air temperature or precipitation and NEP (%).
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	Temperature
	Precipitation





	r < 0, p > 0.05
	16.08
	4.01



	r > 0, p > 0.05
	28.99
	12.17



	r < 0, p < 0.05
	21.85
	1.15



	r > 0, p < 0.05
	33.08
	82.69
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