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Abstract

:

Net primary productivity (NPP) and precipitation-use efficiency (PUE) are crucial indicators in understanding the responses of vegetation to global change. However, the relative contributions of climate change and human interference to the dynamics of NPP and PUE remain unclear. During the past few decades, the impacts of climate change and human activities on alpine grasslands on the Qinghai-Tibet Plateau (QTP) have been intensifying. The aims of the study were to investigate the spatiotemporal patterns of grassland NPP and PUE on the QTP during 2000–2017 and quantify how much of the variance in NPP and PUE can be attributed to the climatic factors (precipitation and temperature) and grazing intensity. The results showed that: (1) grassland NPP significantly increased with a rate of 0.6 g C m−2 year−1 over the past 18 years, mainly induced by the increased temperature and the enhanced precipitation. The temperature was the dominant factor for NPP interannual variation in mid-eastern QTP, and precipitation restrained vegetation growth most in the southwest and northeast. (2) The PUE was higher on the eastern and western parts of the plateau, but lower at the center. Regarding grassland types, the PUE of alpine steppe (0.19 g C m−2 mm−1) was significantly lower than those of alpine meadow (0.31 g C m−2 mm−1) and desert steppe (0.32 g C m−2 mm−1). (3) Precipitation was significantly and negatively correlated with PUE and contributed the most to the temporal variation of grassland PUE on the QTP (52.7%). (4) Furthermore, we found that the grazing activities had the lowest contributions to both NPP and PUE interannual variation, compared to temperature and precipitation. Thus, it is suggested that climate variability rather than grazing activities dominated vegetation changes on the QTP.
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1. Introduction


Due to climate change and human activities, terrestrial ecosystems have undergone unprecedented changes, including the changes of carbon sources and sinks [1], land cover and land use [2,3,4], and loss of biodiversity [5]. The human–climate–vegetation interaction has become one of the major environmental paradigms [6,7]. Particularly in arid and semi-arid regions, anthropogenic activities and climate change can easily cause ecosystem degradation [8]. The grassland ecosystem is one of the most widely distributed vegetation types, accounting for about one-fifth of the world’s surface area [9]. It plays a vital role in maintaining biogeochemical cycles, protecting biodiversity, and supporting animal husbandry and food production [10]. Due to global warming and overgrazing, nearly 50% of global grasslands have degraded [11]. Grassland degradation is threatening many habitats and even affecting ecological security. Although the dynamics of grasslands have been explored by intensive studies, the studies on relative contributions of climatic and anthropogenic drivers in influencing grassland variations are limited.



Net primary productivity (NPP) represents the amount of carbon fixed by plants in-a certain period of time and characterizes the energy production and conversion status [12,13]. Precipitation-use efficiency (PUE) is the ratio of NPP to precipitation, and reflects the relationship between energy production and water consumption [14]. NPP and PUE are essential indicators for the relationship between terrestrial water and carbon cycles [15]. NPP is positively correlated with precipitation in almost all terrestrial ecosystems [16], particularly in grassland ecosystems [17]. Accelerated warming can also promote NPP by prolonging the growing season [18,19]. PUE is generally considered to decrease with spatial precipitation [15]. It has also been suggested that PUE decreases from arid biomes to humid biomes, changing with the level of precipitation [20]. Meanwhile, human activities can profoundly affect vegetation changes and even cause detrimental or catastrophic damage to plant growth [21]. For example, overgrazing could lead to decreased vegetation productivity and trigger severe grassland degradation [22,23]. Therefore, understanding how NPP and PUE respond to climate and grazing is essential for mitigating environmental damages.



The Qinghai-Tibet Plateau (QTP) is the highest Plateau in the world, with an average elevation of higher than 4000 m. Alpine grasslands cover most areas of the QTP and feature fragile environmental conditions [24,25]. The air temperature has increased about twice as fast as the global average during the past three decades [26], and the livestock number almost tripled in the 1990s from the 1950s [27]. The dramatic climate change and intensive grazing activities have caused half of the grasslands to degrade [28]. Recently, studies on how climate change and human activities influence the changes in NPP or PUE on the Tibetan Plateau are emerging. For example, Chen et al. [29] found that human activities dominated the NPP variations after 2001, and Lehnert et al. [30] suggested that climate variability was the primary driver for NPP changes. In terms of PUE, Yang et al. [31] stated that spatial PUE in Tibetan grasslands exhibited a unimodal pattern across broad precipitation gradients. However, Zhao et al. [32] argued that the spatial PUE had a U-shaped relationship with precipitation. These differences may be caused by the different climate gradients and human activity intensity levels [32]. Therefore, it is important to identify the spatiotemporal changes of NPP and PUE across the QTP and quantify the relative contributions of the climate factors and human activities to their dynamics.



The study aimed to answer: (1) How did grassland NPP and PUE vary from 2000 to 2017? (2) How much can the variances in NPP and PUE be attributed to the corresponding climatic factors and grazing intensity, respectively? To answer these questions, firstly, we simulated grassland NPP and PUE across the QTP from 2000 to 2017 and explored the changes in climatic factors (precipitation and temperature) and in grazing intensity over time. Secondly, we investigated the relationships of NPP and PUE with temperature, precipitation, and grazing intensity. Finally, we quantified the relative importance of climate and grazing to influencing interannual NPP and PUE variations.




2. Materials and Methods


2.1. Study Area


The QTP is located in southwestern China and accounts for more than 26.8% of the total land area of China (Figure 1a). Known as the “roof of the world” and the “Asian water tower”, this plateau is a crucial security barrier for China and even Asia [33]. The QTP lies in the alpine zone and has a mean annual temperature below 0 °C. The distribution of precipitation is uneven. The mean annual precipitation is greater than 1000 mm in the southeastern plateau and less than 100 mm in the northwestern part [34]. These unique climatic conditions have developed various alpine ecosystems on the QTP. The grasslands are mainly composed of humid alpine meadow, semi-arid alpine steppe, and arid desert steppe (Figure 1b). The grassland areas on the QTP cover 1.3 × 108 hectares, accounting for about 32.5% of the grassland area in China [35]. Herders have existed on rgw QTP for tens of thousands of years, and livestock husbandry is their primary source of income [26].




2.2. Data Collection and Process Method


The monthly MOD13A3C6 normalized difference vegetation index (NDVI) data were obtained from the NASA LP DAAC (Land Processes Distributed Active Archive Center) website (https://lpdaac.usgs.gov/get_data/data_pool, accessed on 1 May 2020). This dataset were calculated by the maximum value composite method at a 1000 m resolution and calibrated for geometrical, atmospheric, and radiation influences. The MODIS Reprojection Tool (MRT) was used to define geographical coordinates as WGS1984 and the projection coordinate as Albers conical equal area projection [36]. The NDVI data were handled with the TIMESAT software further to eliminate the effects of clouds and atmospheric contamination. This is a software package for processing and assessing the time-series data of vegetation dynamics, and curve fits and runs phenological/seasonality metrics [37,38]. Based on an asymmetric Gaussian function-fitting, we adopted the Savitzky–Golay (SG) smoothing model to eliminate the influence of random noise, using data filtering and reconstruction [39].



The meteorological data, including daily temperature, precipitation, and sunshine duration, were downloaded from the National Meteorological Information Center of China Meteorological Administration (http://geodata.cn, accessed on 1 May 2020). The radiation was calculated based on geographical position and sunshine duration [40]. Firstly, the daily climatic data were integrated into monthly data. Then, ANUSPLIN4.3 was used to interpolate monthly precipitation, temperature, and radiation into the raster with a spatial resolution of 1000 m [41].



Socio-economic data with livestock numbers from 2000 to 2017 were obtained from statistical yearbooks for the Tibet Autonomous Region and Qinghai province. We collected livestock inventory and the number of livestock slaughtered for each county on the QTP. Different types of livestock animals were converted to standard sheep units (SHU) based on a method in which one sheep or one goat is equal to one SHU, and one large livestock animal (yak, donkey, and horse) is equal to four SHUs [42]. Grassland distribution was determined by the China Vegetation Atlas with a scale of 1:1,000,000, which was derived from the Resource and Environment Data Cloud Platform (http://www.resdc.cn/data.aspx?DATAID=122, accessed on 1 May 2020).




2.3. NPP Simulation and Validation


Along with the development of remote sensing techniques and geographic information systems, some models based on light use efficiency (LUE) and remote sensing data were well developed to study NPP and estimate carbon dynamics at global or regional scales. Monteith et al. [43] and Potter et al. [44] found that vegetation productivity is correlated with the amount of photosynthetically active radiation absorbed or intercepted by green foliage and then built CASA (Carnegie–Ames–Stanford approach) model. The CASA runs on a monthly time interval to model the seasonal carbon cycle. In recent decades, this model has been modified by many researchers [45,46,47]. In CASA, NPP on grid cell x in month t is determined by absorbed photosynthetically active radiation (APAR) and the actual LUE (ε). The formulas are as follows:


NPP(x, t) = APAR (x, t) × ε (x, t)



(1)






APAR(x, t) = SOL(x, t) × FPAR(x, t) × 0.5



(2)




where x is spatial location; t is time; SOL is total solar radiation MJ/m2 at grid cell x in month t; 0.5 represents the ratio between photosynthetically active solar radiation and total solar radiation. FPAR is the fraction of photosynthetically active radiation absorbed by vegetation, which can be quantified by NDVI and vegetable types.



The light energy conversion (ε) is influenced by water and temperature. The calculation formula is:


ε(x, t) = Tε1(x, t) × Tε2(x, t) × Wε(x, t) × ε*



(3)







Tε1(x, t) and Tε2(x, t) represent temperature stress. Tε1(x, t) reflects the inherent biochemical limitations on photosynthesis in plants at very low and very high temperatures. Tε2(x, t) represents the change of the light energy conversion rate when the temperature changes from the optimum temperature to a high or low temperature. Wε(x, t) represents the effect of available water conditions on the light energy conversion. Wε(x, t) gradually increases with the amount of water available in the environment [45,48]. ε* indicates the maximum possible LUE under ideal conditions. At the global scale, the value of ε* is 0.389 g C·MJ−1 [49]. However, ε* showed significant differences among vegetation types [50]. For alpine grasslands on the QTP, ε* can be fixed at 0.56 g C·MJ−1 according to the finding by Zhang et al. [51].


Tε1(x, t) = 0.8 + 0.02 × Topt(x, t) − 0.0005 × Topt(x, t)



(4)






Tε2(x, t) = 1.1814/{1 + exp[0.2 × (Topt(x, t) − 10 − T(x, t))]}/{1 + exp[0.3 × (−Topt(x, t) − 10 + T(x, t))]}



(5)






Wε(x, t) = 0.5 + 0.5 × EET(x, t) /PET(x, t)



(6)




where Topt(x, t) is the monthly average temperature when the NDVI reaches the highest value. If the temperature on grid cell x in month t is below −10 °C, Tε1 is equal to 0. PET refers to potential evapotranspiration (mm), and EET refers to estimated evapotranspiration (mm).



The performance of CASA model has been validated by observed NPP data in the previous study. We found that the simulated NPP matched well with the measurement [34,52].




2.4. PUE Calculation


PUE has been calculated in two common ways. First, according to PUE’s definition, it was calculated directly by the ratio of NPP and precipitation [53]. Second, PUE was estimated based on the slope of the NPP–precipitation relationship [20]. We accepted the first method using the ratio of grassland NPP and corresponding precipitation (PPT) because this method has been widely used on the QTP [15,31]. The formula is as follows:


  PUE =   NPP   PPT    



(7)




where PUE is precipitation use efficiency (g C m−2 mm−1), NPP is net primary production (g C m−2), and PPT is precipitation in one year (mm).




2.5. Grazing Intensity Calculation


Grazing intensity (GI) is usually calculated as the ratio of livestock number to natural grassland, and the formula is as follows:


  GI =    C n     + C   h   A   



(8)




where Cn is the livestock inventory in a given year, and Ch is the number of livestock slaughtered in a given year. A represents the area of available natural grassland (ha) in each county.




2.6. Data Analysis


We took alpine grassland as the research object. Before further analysis, we eliminated the non-grassland pixels and null-value pixels due to unavailable livestock data in the center of QTP. These data are indicated by white color in the figures. We used the ordinary least squares (OLS) linear regression method to calculate the temporal trend in grassland NPP and PUE during 2000–2017 for each pixel. The spatial analysis was calculated by raster package (https://cran.r-project.org/web/packages/raster/index.html, accessed on 1 October 2020). The differences in NPP and PUE among different grassland types were analyzed by the analysis of variance (ANOVA) using agricolae package (https://cran.r-project.org/web/packages/agricolae/index.html, accessed on 1 October 2020). The Spearman correlation test was used to calculate the relationships of NPP and PUE with climate and grazing.



Recently, the correlation metrics [54], principal component analyses [27], and generalized linear model (GLM) [30] were used to discriminate the relative contributions of climate change and human activities to vegetation changes. Among them, the GLM is simple and widely recommended [30]. In this study, the relative contributions of grazing and climate change to the temporal dynamics of NPP and PUE in each pixel were decomposed from the GLM. In the GLM model, we selected NPP and PUE as response variablesl and mean annual temperature (MAT), mean annual precipitation (MAP), and grazing intensity (GI) as predictor variables. The percentage of NPP or PUE variance explained by each predictor variable in the GLM was interpreted as the contribution of each variable to NPP or PUE variation. All statistical analyses were performed in the environment R4.02 (https://www.r-project.org/) and mapped in ArcGIS 10.2 (ESRI, Inc. 380 New York Street Redlands, CA 92373 USA).





3. Results


3.1. Spatiotemporal Patterns of Climate Factors and Grazing Intensity


From 2000 to 2017, the MAT in the QTP increased significantly with a rate of 0.05 °C/year (p < 0.01) (Figure 2a), particularly in western Tibet and southwestern Qinghai Province (Figure 2b). The MAP also showed a slight but non-significant increasing trend at a rate of 1.8 mm/year (p > 0.05) (Figure 2c). However, the spatial pattern of MAP trend demonstrated heterogeneity across the plateau. MAP significantly increased in the northeast of the QTP, and non-significantly decreased in the south of the Plateau (Figure 2d). The mean GI of the QTP showed unimodal dynamics from 2000 to 2017. The highest GI was generated in 2007 (0.72 SSU/ha), and the lowest value occurred in 2016 (0.64 SHU/ha) (Figure 2e). Evident spatial variability of the GI trend was observed across the QTP. The GI decreased in the southwestern region but increased in the northeastern part (Figure 2f).




3.2. Spatiotemporal Patterns of NPP


The overall mean annual grassland NPP during 2000–2017 on the QTP was 88.5 g C m−2, and the highest and lowest NPP were found in 2010 (98.5 g C m−2) and 2001 (80.7 g C m−2), respectively. The spatial distribution of grassland NPP presented an increasing pattern from northwest to southeast of the QTP (Figure 3a). Alpine meadow on the southeastern plateau had the largest NPP (133.6 g C m−2) due to the favorable hydrothermal conditions, followed by the alpine steppe (50.7 g C m−2) and desert steppe (45.1 g C m−2) (Table 1).



From 2000 to 2017, grassland NPP on the QTP increased significantly at a rate of 0.6 g C m−2 year−1 (Figure 3a). Statistically, NPP significantly increased with 31.34% of grasslands, mainly in the north of the plateau. Grasslands with a significant decreasing trend in NPP only accounted for 0.68% of the total area. In different grassland types, 45.3% of desert steppe showed a significant increased trend in NPP, almost twice than that of alpine meadow and 1.5 times of alpine steppe (Table 1).




3.3. Spatiotemporal Patterns of PUE


The grassland PUE showed an evident spatial pattern across the QTP (Figure 4a). The highest PUE were observed in the eastern and western plateau, with values higher than 0.5 g C m−2 mm−1, and the central plateau had the lowest PUE (<0.1 g C m−2 mm−1). From 2000 to 2017, the annual mean PUE was about 0.25 g C m−2 mm−1; the lowest value was 0.21 g C m−2 mm−1 in 2008 and the highest value was 0.28 g C m−2 mm−1 in 2009 (Table 2). At the grassland type level, the PUE of alpine steppe (0.19 g C m−2 mm−1) was significantly lower than those of alpine meadow (0.31 g C m−2 mm−1) and desert steppe (0.32 g C m−2 mm−1) (Table 2).



There was no significant change in the PUE during 2000–2017 (Figure 4b). PUE significantly increased and decreased only in 2.96% and 1.59% of grasslands. Within different grassland types, 3.36% of alpine steppe showed a significant increasing trend, and 2.50% of alpine meadow showed a significant decreasing trend in PUE (Table 2).




3.4. Relationships of NPP and PUE with Climatic Factors and Grazing Intensity


Figure 5 displays the correlation coefficients of MAT, MAP, and GI with grassland NPP and PUE during 2000–2017. NPP was positively correlated with MAT (RNPP_MAT = 0.33) and MAP (RNPP_MAP = 0.32) but negatively correlated with GI (RNPP_GI = −0.06). Statistical analysis showed that 36.1% and 34.6% of grasslands showed positive and significant (p < 0.05) RNPP_MAT and RNPP_MAP, respectively.



The PUE had a weak correlation with MAT (RPUE_MAT = 0.2) and GI (RPUE_GI = 0.09) but a strong correlation with MAP (RPUE_MAP = −0.71). From the space, RPUE_MAT was significant at levels below 0.05 in the southeastern QTP, and RPUE_MAT was significant in almost the entire plateau. The grasslands with significant RPUE_MAT and RPUE_GI only occupied 15.6% and 4.6% of grasslands. However, PUE in over 88% of grasslands had a negative and significant correlation with MAP.




3.5. Relative Contributions of Climatic Factors and Grazing Intensity


On the entire QTP, MAT, MAP, and GI explained 17.5%, 14.8%, and 5.5% of NPP variance, respectively. MAT explained more NPP variance than that of MAP in alpine meadow. However, in alpine steppe and desert steppe, MAP explained most of the NPP variance (Table 3). From a spatial perspective, the CMAT_NPP was highest in the northern plateau and lowest in the southwest (Figure 6a). The CMAP_NPP in the southwestern and northeastern parts of the plateau were higher than in other regions (Figure 6b). The CGI_NPP was generally lower than 10% in most areas of the QTP (Figure 6c). Overall, climatic factors dominated the interannual variation of NPP on the QTP (Figure 6d). Statistically, the percentage of MAT-dominated grasslands was the highest (48.9%), followed by MAP-dominated (40%), and the lowest was GI-dominated (11.1%).



In terms of the contributions of MAT, MAP, and GI to PUE interannual variation (CMAT_PUE, CMAP_PUE, CGI_PUE), we found that the CMAP_PUE (52.7%) was significantly higher than CMAT_PUE (9.6%) and CGI_PUE (3.1%) (Figure 7a–c, Table 4). Overall, the percentage of MAP-dominated grasslands was 87.9%, and MAT-dominated and GI-dominated areas were 8.8% and 3.3%, respectively (Figure 7d).





4. Discussion


4.1. Warmer and Wetter Climate Promotes NPP Increases on the QTP


From 2000 to 2017, grassland NPP on the QTP significantly increased at a rate of 0.6 g C m−2 year−1, with 31.3% and 0.68% of the total grasslands showing significant increasing and decreasing trend, respectively. Spatially, grasslands with increased NPP were mainly distributed in the north of the QTP, and grasslands with decreased NPP were concentrated in the central plateau. The increasing trend in grassland productivity after 2000 had been widely documented by previous studies. For example, Chen et al. [29] found that the mean grassland NPP of the Tibetan Plateau slightly increased from 2000 to 2011. Liu et al. [55] also suggested that the grassland aboveground biomass increased in 70% of the grasslands on the QTP during 2000–2012, mainly concentrated in Qinghai Province. The increases in NPP can be attributed to warmer and wetter climate conditions and decreased grazing intensity. First, the MAT and MAP on the QTP increased with a rate of 0.05 °C/year and 1.8 mm/year from 2000 to 2017, respectively. The warming temperature increases the photosynthesis rate before the vegetation reaches its optimum temperature [56,57]. As water-limited grasslands are greatly sensitive to precipitation, the increased precipitation could stimulate NPP by providing a sufficient water supply, which has been demonstrated by in situ monitoring, satellite monitoring, and manipulative experiments on the QTP [58,59]. Second, the ecological protection projects on the QTP also positively affect grassland productivity [60]. Some conservation efforts, such as fencing grasslands and reducing livestock numbers, have gradually recovered degraded grasslands and promoted grassland productivity [29]. Especially after 2009, the grazing intensity showed a significant declining trend, causing a noticeable reduction of human-consumed NPP [61].



Given the spatial differentiation of climate change and grazing intensity, the dominant factor for the NPP interannual variation was spatially heterogeneous. On the one hand, climate factors overwhelmed grazing to control grassland NPP dynamics in most of the QTP’s grassland areas. A similar finding was made by Lehnert et al. [30], who suggested that although grazing activities could exacerbate the negative effects of the global change, climate factors were still dominant for NPP changes on the QTP. Li et al. [34] also found that the impact of climate change on grasslands NPP was more significant than that of grazing activities. This was possibly caused by the lower intensity of human activity on the QTP than on the rest of the world, due to its vast and sparsely populated environment [4,62]. Since 2000, to protect the ecological environment of this plateau, the Chinese government had launched various policies, such as limiting grazing and fencing degraded grasslands, which have further alleviated the human disturbances on natural grasslands [52]. On the other hand, temperature-dominated and precipitation-dominated grasslands showed a clear spatial pattern. The temperature was the limiting factor in mid-eastern QTP. Precipitation dominated the grassland changes in the southwestern and northeastern parts of the plateau. This spatial pattern was similar to the findings in Li et al. [63] and Huang et al. [64], showing that the mid-eastern grasslands were more sensitive to temperature, and the southwestern and northeastern grasslands were more sensitive to precipitation. The spatially varied limiting factors were closely correlated with the complex meteorological and biotic conditions of the QTP [65]. In arid and semi-arid regions such as the alpine steppe in northern Tibet, vegetation can quickly respond to precipitation. However, in humid areas such as alpine meadow in southern Qinghai, the temperature became prominent due to adequate moisture [63,66].




4.2. The Spatiotemporal Variation of PUE


The averaged PUE of the alpine grasslands, over 2000–2017, was 0.25 g C m−2 mm−1, which is within the range of global grasslands (0.05–1.81 g m−2 mm−1) reported by Le Houérou H.N et al. [67] and within the range of China’s grasslands (0.13–0.64 g m−2 mm−1) reported by Hu et al. [15]. Further, it was found in this study that the QTP’s PUE was grassland type-dependent. Alpine steppe’s PUE (0.19 g C m−2 mm−1) was significantly lower than those of alpine meadow (0.31 g C m−2 mm−1) and desert steppe (0.32 g C m−2 mm−1). This may be caused by vegetation composition and environmental conditions. For example, the high species richness can respond to high precipitation and use the available water completely [31,68], leading to a larger PUE in the alpine meadow. The soil texture is another factor that affects the PUE of alpine grassland by altering the soil water retention. The high silt content and low sand content in alpine meadows generally cause a high water-holding capacity, which is conducive to shaping a high PUE [31,69]. However, it should be noted that desert steppe with a low species richness and silt content also had a high PUE. The potential explanation is that plants in desert steppe usually can also absorb deep water to adapt to an extremely dry climate [70]. Plants in arid regions can resist water stress through some trade-offs between functional traits, such as changing the thickness and size of leaves [32,71].



From 2000 to 2017, the grassland’s PUE on the QTP showed fluctuations with non-significant interannual variations. Precipitation was significantly and negatively correlated with PUE and contributed to most variations of PUE. These are in line with the findings of previous studies in different regions. For example, Liu and Huang [72] proposed that the PUE of alpine grasslands on the QTP showed a significantly negative correlation with precipitation. Bai et al. [53] suggested that temperate grasslands’ PUE in the Inner Mongolian steppe region decreased with increased annual precipitation. Huxman et al. [20] reported that grasslands in North and South America had maximal PUE in the driest years. The underlying mechanisms of PUE interannual variations were involved with the interactions among precipitation, nutrient, and biotic factors [53]. First, long-term saturated soil moisture is likely to reduce root and soil microbial activity by limiting oxygen supply and then curbing vegetation growth [73]. Second, although increased precipitation alleviates the available water limitations, nitrogen availability limitations may be strengthened to constrain the response of production to increased precipitation, resulting in a lower PUE [53,74]. Finally, the species in arid and semi-arid regions generally have relatively low growth rates to promote their drought-enduring ability, which enables limiting the response of vegetation to extreme drought events [75]. Therefore, the PUE of alpine grasslands in the south of QTP showed an increasing trend despite the MAP decreased across this region.




4.3. The Effects of GI on Vegetation Growth


Compared with MAT and MAP, the GI had the lowest contributions to NPP and PUE variation. However, 11.1% and 3.3% of the grasslands’ NPP and PUE were dominated by GI. For grasslands on the QTP, grazing is one of the most typical human disturbances, significantly affecting native species diversity and ecosystem stability [76]. From 2000 to 2017, the GI on this plateau presented “converse-U” changes. The highest GI was generated in 2007 (0.72 SSU/ha) and then declined significantly due to the strict livestock reduction policy. In this period, NPP showed a negative correlation with GI, suggesting that this decrease in GI had a positive effect on vegetation growth. This information about the relationship between grazing activities and vegetation productivity is beneficial to policymakers and herders to develop specific policies and sustainable management strategies. However, the relationship between grazing activities and vegetation growth was complicated due to its complex and diverse processes, such as forage selection and trampling. Numerous studies viewed grazing as detrimental to plant growth [77]. However, the moderate interference hypothesis suggested that moderate grazing intensity may lead to compensatory growth and then positively affect grassland productivity [78,79]. Undoubtedly, overgrazing could, directly and indirectly, destroy the structure and function of grassland ecosystems. Thus, for grasslands where grazing dominates vegetation growth, it is necessary to investigate how grazing intensity affects grassland changes and speculate on the possible underlying mechanisms based on grazing-manipulated experiments.




4.4. Limitations and Uncertainties


This study aimed to reveal the relative contributions of climate factors (precipitation and temperature) and grazing to interannual NPP and PUE variations on the QTP. It should be noted that the effects of land cover changes on the dynamics of NPP and PUE were not considered, although they have modified or amplified the biogeochemical cycling of grassland ecosystems [26]. In the future, to deepen our understanding of the mechanism underlying the climate–vegetation–human relationship, the roles of human-induced land use/cover change in influencing the variations of NPP or PUE should be taken into consideration. Besides, the simulated NPP had some shortcomings; for example, the maximum LUE was treated as a constant for the entire grassland area instead of treating the alpine meadow, alpine steppe, and desert steppe separately. We thus emphasize the need for complementary studies at the local scale with field surveys to calculate the maximum LUE for each grassland type on the QTP. In addition, the CASA model was run using temperature, precipitation, and solar radiation, resulting in the autocorrelations of simulated NPP with climate factors. To quantify the influences of the autocorrelation on the results of GLMs, we further used growing-season NDVI (GSNDVI) as a surrogate of NPP to construct GLMs. We found that the relative contributions of temperature, precipitation, and grazing to GSNDVI were similar to those to NPP (Figure S1), suggesting that the autocorrelations between NPP and climate factors had no significant effects on the conclusions.





5. Conclusions


This study investigated the spatial and temporal patterns of grassland NPP and PUE on the QTP from 2000 to 2017. It was found that the NPP decreased from the southeast to the northwest on this plateau. However, the PUE was higher at the eastern and western ends of the plateau, but was lower in the center. Over time, NPP showed a significant increasing trend, and PUE showed a non-significant increasing trend. The relative contributions of climatic factors (temperature and precipitation) and grazing intensity to the temporal variations of NPP and PUE were quantified by GLMs. Although numerous studies claimed that overgrazing impaired the structure and function of alpine grasslands, our research found climatic factors played a dominant role in vegetation changes on the QTP.
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Figure 1. (a) The altitude of the study region and (b) the spatial pattern of the grassland types. DEM indicates digital elevation model. 






Figure 1. (a) The altitude of the study region and (b) the spatial pattern of the grassland types. DEM indicates digital elevation model.



[image: Remotesensing 13 03424 g001]







[image: Remotesensing 13 03424 g002 550] 





Figure 2. The spatiotemporal patterns of MAT (a,b), MAP (c,d), and GI (e,f) on the QTP from 2000 to 2017. MAT, MAP, and GI represent mean annual temperature, mean annual precipitation, and grazing intensity, respectively. Small maps at the bottom represent the ranges of significance levels. 
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Figure 3. The spatiotemporal patterns of the grassland NPP on the QTP. (a) The mean of grassland NPP. The small map at the bottom shows the grassland NPP dynamics from 2000 to 2017. (b) The distribution of the trend in grassland NPP. The small map at the bottom shows the range of significance levels. 
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Figure 4. The spatiotemporal patterns of the PUE on the QTP. (a) The mean of PUE. The small map at the bottom is the dynamics of the PUE from 2000 to 2017. (b) The distribution of the trend in PUE. The small map at the bottom is the range of significance levels. 
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Figure 5. The correlation coefficients of MAT, MAP, and GI with grassland NPP (a,c,e) and PUE (b,d,f) during 2000–2017. Small maps at the bottom are the ranges of significance levels. 
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Figure 6. Relative contributions of (a) MAT, (b) MAP, and (c) GI to the NPP interannual variation estimated by generalized linear models (GLMs). (d) Spatial pattern of the dominant variables, which was displayed by RGB composite (MAT: red; MAP: green; and GI: blue). 
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Figure 7. Relative contributions of (a) MAT, (b) MAP, and (c) GI to the PUE interannual variation. (d) The spatial pattern of the dominant variables, which was displayed by RGB composite (MAT: red; MAP: green; and GI: blue). 
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Table 1. Percentages of grasslands with different variation trends in NPP across the whole plateau and within different grassland types from 2000 to 2017. AM, AS, and DS indicate alpine meadow, alpine steppe, and desert steppe, respectively. Different letters (a, b, c) denote significant differences between them (p < 0.05).






Table 1. Percentages of grasslands with different variation trends in NPP across the whole plateau and within different grassland types from 2000 to 2017. AM, AS, and DS indicate alpine meadow, alpine steppe, and desert steppe, respectively. Different letters (a, b, c) denote significant differences between them (p < 0.05).





	

	
Mean of NPP

(g C m−2)

	
Trend of NPP (%)




	
Significant Increasing

	
Insignificant Increasing

	
Significant Decreasing

	
Insignificant Decreasing






	
AM

	
133.6 ± 81.5 a

	
24.63

	
60.59

	
0.60

	
14.17




	
AS

	
50.7 ± 50.76 b

	
36.43

	
51.57

	
0.79

	
11.21




	
DS

	
45.1 ± 46.2 c

	
45.36

	
50.03

	
0.21

	
4.40




	
total

	
88.5 ± 78.4

	
31.34

	
55.65

	
0.68

	
12.33
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Table 2. Percentages of grasslands with different variation trends in PUE across the whole plateau and within different grassland types from 2000 to 2017. AM, AS, and DS indicate alpine meadow, alpine steppe, and desert steppe, respectively. Different letters (a, b) denote significant differences between them (p < 0.05).
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Mean of PUE

(g C m−2 mm−1)

	
Trend of PUE (%)




	
Significant Increasing

	
Insignificant Increasing

	
Significant Decreasing

	
Insignificant Decreasing






	
AM

	
0.31 ± 0.15 a

	
2.55

	
55.33

	
2.50

	
39.62




	
AS

	
0.19 ± 0.14 b

	
3.36

	
53.35

	
0.86

	
42.43




	
DS

	
0.32 ± 0.15 a

	
2.32

	
25.80

	
0.38

	
71.51




	
total

	
0.25 ± 0.17

	
2.96

	
53.31

	
1.59

	
42.15
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Table 3. Means (±SE) of the relative contributions (%) of mean annual temperature (CMAT_NPP), mean annual precipitation (CMAP_NPP), and grazing intensity (CGI_NPP) to NPP variation estimated by generalized linear model (GLM) across the entire QTP and within alpine meadow (AM), alpine steppe (AS), and desert steppe (DS).






Table 3. Means (±SE) of the relative contributions (%) of mean annual temperature (CMAT_NPP), mean annual precipitation (CMAP_NPP), and grazing intensity (CGI_NPP) to NPP variation estimated by generalized linear model (GLM) across the entire QTP and within alpine meadow (AM), alpine steppe (AS), and desert steppe (DS).












	
	QTP
	AM
	AS
	DS





	CMAT_NPP
	17.5 ± 0.01
	16.7 ± 0.02
	18.3 ± 0.02
	16.3 ± 0.07



	CMAP_NPP
	14.8 ± 0.01
	10.3 ± 0.02
	18.5 ± 0.02
	20.8 ± 0.07



	CGI_NPP
	5.5 ± 0.01
	5.7 ± 0.01
	5.1 ± 0.01
	6.8 ± 0.04
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Table 4. Means (±SE) of the relative contributions (%) of mean annual temperature (CMAT_PUE), mean annual precipitation (CMAP_PUE), and grazing intensity (CGI_PUE) to PUE variation estimated by the generalized linear model (GLM) across the entire QTP and within alpine meadow (AM), alpine steppe (AS), and desert steppe (DS).






Table 4. Means (±SE) of the relative contributions (%) of mean annual temperature (CMAT_PUE), mean annual precipitation (CMAP_PUE), and grazing intensity (CGI_PUE) to PUE variation estimated by the generalized linear model (GLM) across the entire QTP and within alpine meadow (AM), alpine steppe (AS), and desert steppe (DS).












	
	QTP
	AM
	AS
	DS





	CMAT_PUE
	9.6 ± 0.01
	13.3 ± 0.02
	6.6 ± 0.01
	9.6 ± 0.05



	CMAP_PUE
	52.7 ± 0.02
	45.1 ± 0.03
	59.8 ± 0.03
	56.4 ± 0.11



	CGI_PUE
	3.1 ± 0.01
	3.5 ± 0.01
	3.0 ± 0.01
	2.7 ± 0.03
















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
o

£






media/file4.png
- (@ y=0.05x-111.1 | | ()  80°E 100°E
—-(0.7 p <0.01 \
_ \ —u2=0.41
3
1.4 .
= . -7
<| . SN
= N
2.1
MAT Trend('C/10-yr) .
2000 2005 2010 2015 03 0.4 05 0.6 0.7 0.01 0.05 01
| (o) y =1.8x-3234.4 (d)  80°E 100°E
| 375 . p=011 ‘
N R2=0.15
£l 350 i
%t /\/
ol
) 325;/
|
_- MAP Trend (mm/ir)
2000 20()5 2010 2015 4 202 4
[ (© y=-0.001x+3.0| | ®  80°E 100°E
-0.72 /-/'""\,- p=0.40
| \R2 = 0.04
£
S +0.69 _
L
= "~
“1Lo.66 N 7
I ) GI Trend (SHU/ha/yr x 10 )
T e
2000 2005 2010 2015 S 01 01005 0T






nav.xhtml


  remotesensing-13-03424


  
    		
      remotesensing-13-03424
    


  




  





media/file2.png
(b) 80° E — ~ 100°E

[ 1] Desert steppe
[ Alpine steppe
[ Alpine meadow






media/file5.jpg





media/file3.jpg
MAT (C)

MAP_(mm).

Gl (SHU/ha)

2000

@ y=18x-32344

. VAW

300 »

2000 2005 2010 2015 T m&?@
© y=-0.001x+30

o

m

-

2005






media/file1.jpg
@ we 10 ¢

IDEM ()
o1

b Oosct o’
1 Apine steppe

B Aipine meadone






media/file7.jpg
PUE (£C ')

T

PUE rend

| e10 s Cmemm e
— —

i

.






media/file10.png
06 03 0 03 0.6

0.6 03 0 0.3 0.6

RPU'E_MAP
-_— _—
06 03 0 03 0.6 0.010.050.1 06 03 0 0.3 0.6 0.010.050.1
80° E
(f)

___ ==
0.01 0.05 0.1

e &

)
-0.6 -0.3 0 0.3 0.6 0.01 0.050.1






media/file12.png
(%)

CMAT_NPP

|
10 20 30 40 50

CMAP_NPP (%)

- |
10 20 30 40 50

©  80°E

CCI_NPP (%)

- |
10 20 30 40 50

(d) 80; E 10010 E






media/file9.jpg
R

06 03 0 03 06

0603003 00

0603003 08






media/file0.png





media/file14.png
(a) 80° F 100° E (b) 80° E 100° E

DRy : '
MAP PUE (%) w
[ ] _
10 20 30 50
(d) 80° E 100° E

CCI_PUE (%)

|
10 20 30 40 50






media/file8.png
PUE (g C m?>mm™)

0.1 0.2 03 04 0.5

-6 -3 0

(x10° g C m? mm* yr'

_
0.01 0.05 0.1






media/file11.jpg
W2 W

© we - e [ wE e






media/file6.png
NPP (g C m?)

50 100 150 200 250

NPP trend (g Cm=yr')

2 -1 0

____ .
0.01 0.05 0.1






