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In the process of climate warming, drought has increased the vulnerability of ecosystems. Due to the extreme sensitivity of grasslands to drought, grassland drought stress vulnerability assessment has become a current issue to be addressed. First, correlation analysis was used to determine the characteristics of the normalized precipitation evapotranspiration index (SPEI) response of the grassland normalized difference vegetation index (NDVI) to multiscale drought stress (SPEI-1 ~ SPEI-24) in the study area. Then, the response of grassland vegetation to drought stress at different growth periods was modeled using conjugate function analysis. Conditional probabilities were used to explore the probability of NDVI decline to the lower percentile in grasslands under different levels of drought stress (moderate, severe and extreme drought) and to further analyze the differences in drought vulnerability across climate zones and grassland types. Finally, the main influencing factors of drought stress in grassland at different periods were identified. The results of the study showed that the spatial pattern of drought response time of grassland in Xinjiang had obvious seasonality, with an increasing trend from January to March and November to December in the nongrowing season and a decreasing trend from June to October in the growing season. August was the most vulnerable period for grassland drought stress, with the highest probability of grassland loss. When the grasslands experience a certain degree of loss, they develop strategies to mitigate the effects of drought stress, thereby decreasing the probability of falling into the lower percentile. Among them, the highest probability of drought vulnerability was found in semiarid grasslands, as well as in plains grasslands and alpine subalpine grasslands. In addition, the primary drivers of April and August were temperature, whereas for September, the most significant influencing factor was evapotranspiration. The results of the study will not only deepen our understanding of the dynamics of drought stress in grasslands under climate change but also provide a scientific basis for the management of grassland ecosystems in response to drought and the allocation of water in the future.
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1 Introduction

Climate change is exacerbating current drought conditions (intensity, frequency and duration) around the world, and climate models predict that droughts will not abate and are likely to increase in the coming decades (Lu et al., 2019; Wu et al., 2022). Frequent drought events are often accompanied by persistent or extreme heat, leading to decreased soil moisture and increased evapotranspiration. If vegetation is affected by prolonged drought, several aspects of its growth and development (e.g., seed germination, respiration, photosynthesis, nutrient cycling) are restricted (Mohammat et al., 2013), and vegetation may brown (Li et al., 2022), decrease in biomass (Chen et al., 2022), or even die (Castellaneta et al., 2022). Vegetation response to drought is characterized by reduced vigor and photosynthesis, resulting in a decrease in the carbon sink capacity of vegetation. For more sensitive grasslands, extreme or persistent drought makes it difficult to recover from wilting or death, and dead vegetation is converted to a carbon source (Piao et al., 2019), which could have a negative impact on the global carbon cycle, as grasslands play an important role in the global vegetation carbon pool. Conversely, reductions in carbon sinks and increases in carbon sources have an impact on climate and the carbon cycle, which in turn further exacerbate drought (Reichstein et al., 2013). Vulnerability assessments of grassland drought stress under climate change have become a high-profile concern (Li et al., 2022; Zeng et al., 2022). Quantifying the response of grassland vegetation to drought stress and identifying the areas most vulnerable to drought, as well as the types of grassland that respond most strongly to drought, are therefore critical to improving our understanding of the vulnerability of grasslands to climate change and taking appropriate measures to mitigate the effects of drought.

Previous quantitative studies of drought have mostly used drought indices, which quantify accumulated moisture information and easily derive drought intensity, frequency and duration to analyze the extent of its impacts (Fang et al., 2019c). Scholars have developed different drought indices based on the research subjects and their drought characteristics. Common drought indices include the standardized precipitation index (SPI) (McKee et al., 1993) and the standardized precipitation evapotranspiration index (SPEI) (Vicente-Serrano et al., 2010), which are mainly used to study meteorological drought; the Palmer drought severity index (PDSI) (Palmer, 1965), the crop moisture index (CMI) (Palmer, 1968), and the crop water stress index (CWSI) (Jackson et al., 1988), which are mainly used to study agricultural drought; and the streamflow drought index (SDI) (Nalbantis and Tsakiris, 2009) and standardized runoff index (SRI) (Shukla and Wood, 2008), which are mainly used to study hydrological drought. Among them, the SPI is widely used because of its simple calculation and low data requirements (only precipitation data are needed) (Dutta et al., 2015; Wang et al., 2021; Yerdelen et al., 2021; Won et al., 2022), but it lacks consideration of atmospheric evaporation (evapotranspiration), which is an important factor that must be considered in the context of gradually increasing global temperatures (Fang et al., 2019c). Vegetation is sensitive to changes in water balance (precipitation minus reference evapotranspiration), especially in arid regions (Beer et al., 2007). Therefore, the inclusion of evapotranspiration as an important factor in drought and vegetation research could provide a more accurate picture of the relationship between drought and vegetation conditions.

The normalized difference vegetation index (NDVI) is used to describe and conduct terrestrial vegetation condition assessments due to its ease of accessibility at different spatial and temporal resolutions and its advantage of eliminating noise caused by solar angle, topographic illumination, cloud cover and atmospheric conditions, and the NDVI is widely used in studies related to grasslands, forests and agricultural lands (Estel et al., 2015; Kowalski et al., 2022; Wang et al., 2022; Xun et al., 2022). Previously, the response of vegetation to drought was expressed as a correlation between the NDVI and drought index, demonstrating that there is a good correlation between the NDVI, which represents vegetation, and a drought index, which represents moisture conditions, and that there is a significant effect of drought occurrence on vegetation. Among them, GIMMS NDVI has the disadvantage of low resolution and easy saturation compared with other satellite sensors (Sentinel, Landsat and SPOT, etc.) and vegetation indices (EVI, DVI and SAVI, etc.). However, when considering the effects of arid vegetation under climate change, data with long time series are needed to support accuracy, and GIMMS performs best in the AVHRR-derived NDVI dataset for temporal changes. Therefore, the GIMMS NDVI is favored by scholars.

Studies on vegetation response to drought have been conducted globally (Ji and Peters, 2003; Xu et al., 2016). Vegetation in arid and semiarid regions with longer sunshine duration is more susceptible to drought (Gouveia et al., 2017) than that in humid regions with a positive water balance (Zhang et al., 2017). The drivers of vegetation drought are also of scientific interest to scholars, and the main influences may vary with the growing season. In addition, the topography (elevation, slope and slope direction) affects the aridity pattern of the vegetation, as it directly influences the temperature and solar radiation in the region. It is noteworthy that grasslands respond more strongly to drought than do other vegetation types, and there may be differences in responses between grassland types (Huang et al., 2021; Bu et al., 2022). The response of grasslands to drought also changes in response to changing climatic conditions (Wellstein et al., 2017; Liu et al., 2019; Zhang et al., 2020). Regarding vegetation, there is a need to pay more attention to the growing season (seasonal time) of grassland vegetation (Zhang and Liu, 2014; Mina et al., 2016), as this is the most severe phase of vegetation drought stress (Ji and Peters, 2003). The grassland vegetation response to drought is not instantaneous but is caused by a cumulative water deficit over time, as reflected in the response time of vegetation to drought (lag effect) (Zhao et al., 2020; Zhang et al., 2022). When faced with prolonged drought, grasses also adopt different strategies to adapt to water scarcity, such as closing stomata (Li and Liu, 2022), evolving stronger roots, and even having drought memory (Yao et al., 2022). Among them, photosynthesis of vegetation is the most important link, which regulates its own growth and development to adapt to drought. In addition, vegetation can maintain its health and growth by regulating stomatal conductance when it faces water deficits or water surpluses. Recently, the copula approach was used to determine the dependence of vegetation on water, providing scholars with an effective tool to address the vulnerability of vegetation at the onset of drought (Bento et al., 2018; Fang et al., 2019c). Xinjiang is a typical arid and semiarid region, and as the core economic zone of the Silk Road in China, it has experienced 26 severe and above droughts between only 1961 and 2000, and the increased warming and reduced precipitation have increased the local evapotranspiration (ET0), intensifying local drought and vegetation. The ecosystem is vulnerable to the effects of drought and heat (Yao et al., 2018; Yao et al., 2019). Grasslands are widely distributed in Xinjiang, accounting for 86% of the vegetation, and play an important role in climate regulation, soil and water conservation, wind and sand control, biodiversity conservation, and carbon cycling (Du et al., 2022). Therefore, it is necessary to assess the drought vulnerability of grasslands in Xinjiang and to elucidate the heterogeneity among different climatic regions and grassland types. However, previous studies on drought in Xinjiang have been limited to deterministic assessments of drought impacts, focusing on vegetation growth and drought conditions or drought response rates. There are still gaps in assessing grassland losses under different levels of drought stress. In addition, there are knowledge gaps in analyzing the probabilistic response of grassland loss under drought stress from the perspective of different climatic zones and grassland types.

To this end, the aim of this study was to further quantify the dynamic response of grasslands to drought stress. The objectives were to (1) determine the scale of grassland NDVI (grassland growth state) response to changes in the SPEI (multiscale drought stress) during different growth periods through correlation analysis; (2) clarify the probabilistic differences in response to drought stress among different climatic regions and grassland types after estimating the probability of occurrence of grassland below normal status under three drought scenarios (moderate, severe and extreme) based on the established copula conditional probability distributions; and (3) analyze the main influencing factors of drought stress in grassland at different periods. The results of the study can improve our understanding of grassland vulnerability under climate change and help decision-makers understand vulnerable grassland areas under different drought scenarios from a probabilistic perspective, which is important for reducing the pressure on grasslands in arid regions.




2 Material and methods



2.1 Study area

Xinjiang is located in northwestern China (73°40′-96°23′E, 34°25′-49°10′N), deep in the Eurasian continent, accounting for one-sixth of the national territory, and it is the largest provincial administrative division in China (Figure 1). The geomorphology is characterized by a closed system of “three mountains sandwiched by two basins adjacent to each other” (Figure 1C). The two basins are the Junggar Basin in the north and the Tarim Basin in the south, and the mountains are the Altai Mountain range in the north, the Kunlun Mountains in the south, and the Tianshan Mountains, which divide Xinjiang into the north and south (Guli et al., 2015). Xinjiang is a typical arid region with 2550-3500 hours of annual sunshine per year (He et al., 2021), an annual precipitation of 100-200 mm and a potential evaporation of 2000-3400 mm per year (Liu et al., 2018). Grassland is distributed mainly at the edge of mountains and basins, with the Altai, Tianshan and Kunlun Mountains being the most obvious (Figure 1B).




Figure 1 | (A) Location map of Xinjiang, China, (B) grassland types, (C) topographic attributes, and (D) classification of climatic regions.






2.2 Normalized difference vegetation index and grassland type

The NDVI data were from the NASA Ames Ecological Forecasting Lab (https://ecocast.arc.nasa.gov/) GIMMS-NDVI for the period 1982-2015 with a spatial and temporal resolution of 1/12° (~8 km) and 15 d and the NASA Distributed Active Archive Center for Terrestrial Processes (https://pdaac.usgs.gov/) for the period 2000-2020 for MODIS-NDVI with a spatial and temporal resolution of 0.05° and 1 month. The data were adopted due to the good linear correlation between the two data sources (Li et al., 2017). The GIMMS-NDVI was first synthesized into maximums and then into a monthly scale NDVI, thus reducing the effects of atmospheric and aerosol scattering (HOLBEN, 1986). Finally, MODIS-NDVI was resampled to the same resolution as GIMMS-NDVI, and a pixel one-dimensional linear regression model was developed using overlapping data from 2000-2015 (Xu et al., 2016), extending the GIMMS-NDVI monthly data from 1982-2015 to 1982-2020 (Guan et al., 2021). Grassland type data were from the Global Land Cover Data Product 2000 (GLC2000) of the Institute for Space Applications of the Joint Research Centre of the European Union. There are 22 land use types (https://forobs.jrc.ec.europa.eu/products/glc2000/legend.php) with a spatial resolution of 1 km. The main types of grasslands in Xinjiang are alpine and subalpine meadows, plain grasslands, desert grasslands, meadows, and alpine and subalpine grasslands (Figure 1B), and they were resampled to 1/12° to be in agreement with the NDVI.




2.3 Standardized precipitation evapotranspiration index

From 1961 to 2020, the National Meteorological Information Center of the China Meteorological Administration (http://www.nmic.gov.cn/) provided raw records of daily precipitation and temperature from 105 weather stations in Xinjiang. Only 92 of these meteorological stations had continuous daily records for the same period (Figure 1B), and the SPEI was calculated in the R language and interpolated to 1/12° by the inverse distance weighting method.

Precipitation minus potential evapotranspiration is defined as the water balance (D):



where P and ET0 represent the monthly precipitation and potential evaporation, respectively. ET0 was calculated using the Thornthwaite equation (Thornthwaite, 1948) because it is easy to calculate using less data (only the monthly mean temperature and latitude are required) and works well (Fang et al., 2018). The SPEI timescales can reflect different droughts (meteorology, agriculture, climate change, etc.). Dry and wet states were classified according to the SPEI classification criteria (Table 1). In this study, the SPEI was calculated for multiple time scales (1-24 months) (Vicente-Serrano et al., 2013). The grass reaction time was depicted as the time scale of the highest SPEI-NDVI correlation in Figures 2, 3 (Zhang et al., 2022).


Table 1 | SPEI wet and dry classification criteria.






Figure 2 | Copula probability model for the response of Xinjiang grassland to drought stress.






Figure 3 | Pixels with maximum correlation between 1982-2020 grassland NDVI and SPEI1-24 pixel by pixel; (p<0.1) are covered by a black cross.






2.4 Methods

The response to drought stress in the Xinjiang grassland was quantified using a copula probabilistic model (Figure 2).

The copula method was used to describe different drought conditions (different SPEI thresholds) and grassland status (NDVI values) as a joint distribution to describe the dependencies between drought and grassland. Subsequently, the probability of the grassland NDVI declining to the lower percentile under moderate, severe and extreme drought conditions was calculated based on the joint distribution.



2.4.1 Joint probability distribution

The dependence of grassland NDVI on different drought levels was established by the copula function. Assuming that the SPEI and NDVI are represented by S and N, respectively, and using the copula function (C), the joint distribution Fs(s,FN(n is expressed as follows:



where Fs(s and FN(n are the cumulative distribution functions (CDFs) of the SPEI and NDVI, respectively.

In this study, the normal distribution was employed for the SPEI’s marginal distribution. In previous studies, it was difficult to achieve a consistent marginal distribution of the NDVI (Wen et al., 2012; Zhao et al., 2019). Therefore, the Kolmogorov-Smirnov (K-S) test and the Akaike information criterion (AIC) were used to select the optimal marginal distribution from the logarithmic, gamma, log-normal and normal distributions (Yu et al., 2018). Thus, to model the response of grassland NDVI to drought stress, six copulas (Joe, Frank, Gumbel, Clayton, Gaussian and student) were selected, in which Gaussian and student were able to effectively resolve the negative correlation that emerged in April (Grimaldi et al., 2016; Zhou et al., 2018). Then, the optimal connection function was selected using the maximum likelihood (MLE) method and the goodness-of-fit test, and the best copula model was screened using Cramérévon (Fang et al., 2019a).




2.4.2 Condition distribution of the SPEI and NDVI

Statistically, when drought occurs, the probability of grassland NDVI declining to lower percentiles is denoted as conditional probability P(S≦̸s,N≦̸n. The joint distribution and drought classification can be used to derive conditional probability equations and estimate the grassland NDVI under different drought levels. In this study, we considered scenarios in which grassland normalization values were lower than the prescribed percentage in different degrees of drought (including moderate drought (-1 < SPEI ≤ -1.5), severe drought (-1.5 < SPEI ≤ -2), and extreme drought (SPEI < -2), as shown in Eqs. (3), (4) and (5), respectively:







Eqs. (2)-(5) quantify the response of grassland NDVI to changes in the SPEI. Grassland NDVIs below the 40th, 30th, 20th, and 10th percentiles for moderate, severe, and extreme drought scenarios were considered in the study.

It is worth noting that predicting the vulnerability of grasslands to drought is more meaningful given the specific values of the drought index (P (NDVI < ndvi | SPEI = spei)). In this study, the probability density function (PDF) formula was as follows (Mazdiyasni et al., 2017):

 

where c represents the chosen copula function, and fs and fN represent the PDF versions of the SPEI and NDVI, respectively. By calculating the PDF (S = s) under specific drought conditions according to Eq. (6), the cumulative probability of the grassland NDVI declining to a specific value (N<n) was derived and denoted as P(N<n∣S=s.






3 Results



3.1 Spatial pattern of the SPEI-NDVI correlation

The correlation between the grassland NDVI and SPEI at different time scales (1-24 months) can determine the response time of grassland to moisture changes. There is a time lag effect in the vegetation response to moisture change, so the response time of this study can be defined as the scale with the most considerable SPEI-NDVI correlation. The largest correlation coefficients between grassland NDVI and SPEI1-24 per pixel occurred over 12 months (Figure 3). At this point, the SPEI-NDVI correlation showed a distinct spatial pattern, and the year was divided into the growing period (April-October), spring (April-May), summer (June-August), autumn (September-October), and nongrowing season (November-December and January-March).

Our study showed that in contrast to the growth season, the spatial variability of the SPEI-NDVI correlations was lower in the grasslands of Xinjiang. The SPEI-NDVI correlations showed obvious spatial heterogeneity during the growing season, and the correlations in the north were significantly stronger than those in the south. The spatial differences were obvious throughout the growing season (May-September) but not in April or October. The regional boundaries of high and low SPEI-NDVI correlations from May-September were basically consistent with the boundary of the “three mountains and two basins” in Xinjiang. As shown in Figure 1D, most of the semi-humid regions (annual precipitation greater than 400 mm and less than 800 mm) and semiarid regions (annual precipitation greater than 200 mm and less than 400 mm) were in northern Xinjiang. The correlation coefficients were higher in the Altay Mountains and Tian Shan (semi-humid and semiarid regions) in northern Xinjiang than in southern Xinjiang (semiarid regions).




3.2 Response time of grassland to water activity

The response time of grassland to water activity (multiscale drought stress) in this study was defined as the maximum scale of the SPEI-NDVI correlation on each image element, while representing the lag of grassland response to water. In the nongrowing season, the response time of the Xinjiang grassland was different. The grassland response time increased in January-March and November-December compared to the SPEI-NDVI correlation in different months (Figure 4). In the growing season, the response time of grassland in most areas of Xinjiang, especially the mountainous areas at higher elevations, to moisture variability began to increase in April-May, with the longest response time in May and a downward trend in June-October.




Figure 4 | The response time of grassland to water activity (the SPEI time scale with the highest correlation between the SPEI and NDVI on each image element).



The above spatial patterns of responses at different time scales indicated that the response time of grassland communities in the semi-humid regions of Xinjiang to moisture changes was longer than that in the arid and semiarid regions during the growing and nongrowing seasons. While the nongrowing seasons of January-March and November-December generally had an increasing trend in grassland response times, the growing seasons of June-October had a decreasing trend in response times.




3.3 Probability of grassland decline under different drought stresses

Grassland activity during the growing season was higher than that during the nongrowing season, which largely determined the grassland biodiversity, biomass or yield. However, assessing the impact of drought in all 12 months of the year is not easy. A high correlation between the NDVI and SPEI would better reflect the grassland response to moisture changes and identify the most responsive months of the grassland drought-affected growing season (Zhong et al., 2021). This would represent the worst scenario for vegetation loss at different degrees of drought. Therefore, this study used the month with the highest correlation coefficient for the corresponding season to analyze the response of grassland to drought. The transcendental probability of the SPEI-NDVI correlation was calculated for all grassland image elements in the study area to determine the month that best represented the corresponding season (Figure 5). Figure 5A shows that the SPEI-NDVI correlation in April had a higher probability of exceeding a given value compared to the SPEI-NDVI correlation in May, so April was the representative month of spring. The same was true for Figure 5B in summer and Figure 5C in autumn of the growing season, so August and September were chosen as the representative months of the corresponding seasons, respectively.




Figure 5 | The SPEI-NDVI correlation coefficient exceeded the probability curves for Xinjiang grasslands in the growing seasons in (A) spring, (B) summer and (C) autumn.



Using Eqs. (2)-(5), the probabilities of conditions causing grassland deterioration in three drought scenarios, moderate drought, severe drought and extreme drought (i.e., -1.5 < SPEI ≤ -1, -2 < SPEI ≤ -1.5 and SPEI ≤ -2, respectively), were calculated. In addition, the probability of grassland deterioration status due to different droughts was comprehensively estimated to identify drought-prone areas. This study focused on grassland NDVI below the 40th, 30th, 20th and 10th percentiles. A lower NDVI percentile indicates severe grassland loss and damage to an ecosystem.

Figures 6–8 show the probability of vegetation condition deterioration under the three drought scenarios during the growing season in April, August and September. In April, the probability of the NDVI falling below 40 percent varied little, as moderate drought progressed to severe or even extreme drought (Figures 6–8). Conversely, the probability of the NDVI falling below 40 percent tended to increase in August and September with increasing drought levels. When considering a grassland NDVI below the 30th, 20th, and 10th percentiles in April, August, and September, respectively, it was further confirmed that August and September showed a positive response in the probability of deterioration of grassland NDVI with increasing drought, while the response was not significant in April. This result also shows the higher probability of a grassland NDVI decline during the growing season in areas with more severe water deficits when the grassland vegetation is at a lower percentage, consistent with the results of other regional studies (Liu et al., 2016; Won et al., 2021; Yuan et al., 2022). Furthermore, region-wide, the probabilities of moderate, severe, and extreme drought scenarios below the 40th percentile were 28.7%, 27.5%, and 27.0% in April; 47.6%, 48.7%, and 49.2% in August; and 47.6%, 48.6%, and 49.1% in September, respectively (Figures 6-8).




Figure 6 | Probability of grassland NDVI deterioration in spring under (A) moderate, (B) severe, and (C) ex-treme drought conditions.






Figure 7 | Probability of grassland NDVI deterioration in summer under (A) moderate, (B) severe, and (C) ex-treme drought conditions.






Figure 8 | Probability of grassland NDVI deterioration in autumn under (A) moderate, (B) severe, and (C) ex-treme drought conditions.



When grassland vegetation conditions deteriorated to the lower percentile (NDVI dropped below the 30th and 20th percentiles), the mean probability difference in vegetation conditions increased to -0.31% and -0.15% (NDVI ≤ the 30th percentile) and -0.15% and -0.42% (NDVI ≤ the 20th percentile), respectively, for the three drought scenarios in April; additionally, the average probability variance increased to 0.59%, 0.67%, 1.4%, and 1.6% in August and 0.58%, 0.67%, 1.4%, and 1.6% in September. When considering the worst grassland status (NDVI ≤ the 10th percentile), the average probability of the Xinjiang grassland being in the three drought scenarios in April was 6.5%, 6.4% and 6.3%, respectively, and in August it was 13.6%, 14.9% and 15.4%, respectively. Moreover, when extreme drought occurred in April, the probability of the grassland NDVI decreasing to less than the 10th percentile was less than that during severe and moderate drought. In contrast, the extremes in August and September both resulted in the highest probability of a decrease in grassland NDVI below the 10th percentile. When considering conditions where the grassland NDVI was below a specific percentile (40th, 30th, 20th, 10th), the difference in the probability of the NDVI for grassland increased from -1.7%, -1.1% and -0.6% to -0.2%, respectively, under extreme and moderate drought conditions in April. The difference in the probability of grassland NDVI being between extreme and moderate drought scenarios increased from 1.5%, 2.0% to 2.3% in August and then decreased to 1.8%, with a similar situation in September. Thus, probabilistic analysis quantitatively demonstrated that grasslands were more likely to experience a significant decline with increasing drought severity and would deteriorate to a point where they made appropriate adaptation strategies to mitigate the effects of drought (Wilcox et al., 2020). August was the period when grassland vegetation was most responsive.

Areas vulnerable to water scarcity have long been a concern for policy-makers. Probabilistic analysis of drought-prone and vulnerable grassland areas may contribute to effective drought prevention and mitigation. For this purpose, the probability of grassland loss (NDVI less than the 40th, 30th, 20th and 10th percentiles) was calculated based on the image pixel scale. The probability of grassland NDVI decline was relatively high in the northern (especially the Tian Shan) and southern (the Kunlun) regions under moderate drought conditions (Figure 6A). The drought-prone areas identified for these occurrences of moderate, moderate and severe drought were essentially the same in April (Figures 6B, C). As Figure 7 and Figure 8 show, the drought-prone areas in August and September were generally the same as those in April under the three drought scenarios, and the grasses in these areas were more likely to fall into the lower percentile. The difference is that the probability of decline in grasslands in August and September in northern Xinjiang was more sensitive than that in southern Xinjiang, where the Tian Shan and Altai Mountains were drought-sensitive areas, and the Tian Shan was the area most sensitive to water scarcity. Therefore, the Tianshan Mountain grasslands in northern Xinjiang and northern Xinjiang were poor drought-tolerant regions during the growing season. In a previous study, a vegetation response assessment of the Tianshan Mountain grasslands in northern Xinjiang (Li et al., 2021) showed that the Tianshan Mountain grasslands were highly sensitive to water deficits, consistent with the drought-prone areas identified in this study. In addition, the drought-prone areas identified in this section showed a high correlation of the SPEI-NDVI in Figure 3, demonstrating that areas with high SPEI-NDVI correlation coefficients were susceptible to drought stress.




3.4 Probability of loss under drought stress in different climatic regions and grassland types

Grassland degradation under drought stress in different climatic regions (arid, semiarid and semi-humid regions) was assessed from the perspective of climatic regions (Figure 9). The mean probability of grassland declining to a lower percentile when different degrees of drought occurred in April was highest for grassland in arid regions, while the mean probability was highest for semiarid regions in both August and September. The difference between the probability of grasses in the dry areas declining to the 30th, 20th and 10th percentiles under moderate, severe and extreme drought and the average probability in Xinjiang in April was 4.7%, 5.3% and 5.5%, 3.5%, 3.9% and 4.1% and 1.9%, 2.1% and 2.3%, respectively. The difference between the probability of semiarid regions and the average probability of Xinjiang in August was 8.0%, 9.3% and 9.8%, 6.2%, 7.5% and 8.0%, and 3.6%, 4.5%% and 4.9%, respectively. In September, the differences were 7.1%, 8.3% and 8.8%, 5.5%, 6.7% and 7.2%, and 3.2%, 4.0% and 4.3%, respectively. The semiarid regions in August and September (summer) were more prone to drought than they were in April (spring), including in Tianshan, Altay and parts of Kunlun in northern and southern Xinjiang, which were more drought-sensitive.




Figure 9 | The grassland NDVI under drought stress (moderate, severe, extreme drought) in different climatic zones (arid, arid and subhumid regions) in April, August and September was lower than the lowest, average and maximum probabilities of the 40th, 30th, 20th and 10th percentiles.



The probability of decline to the lower percentile under drought stress was assessed for different grassland types (meadow, plain grassland, desert grassland, alpine subalpine meadow and alpine subalpine grassland) (Figure 10). When drought occurs, grasslands are subjected to different degrees of drought stress, and the probability that the NDVI will drop to a lower percentile varies depending on the type of grassland. Among them, the probability of meadows falling to a lower percentile in April was the highest, and the probability of alpine subalpine meadows falling to a lower percentile was the lowest, with the order of probability being meadows > desert grasslands > plains grasslands > alpine subalpine grasslands > alpine subalpine meadows. The highest probability of decline to the lower percentile was found in August and September for plain grasslands, and the lowest probability was found for alpine subalpine grasslands, with the order of probability being plain grasslands > alpine subalpine meadows > desert grasslands > meadows > alpine subalpine grasslands.




Figure 10 | The grassland NDVI under drought stress (moderate, severe, extreme drought) in different climatic zones (meadow, plain grassland, desert grassland, alpine subalpine meadow and alpine subalpine grassland) in April, August and September was lower than the average probabilities of the 40th, 30th, 20th and 10th percentiles, respectively.






3.5 Climate influencing factors of different seasons in grassland

The main climatic factors affected grasslands change with the period of growth (Figure 11). The main climatic factor affecting the growth of grasslands in April in spring was temperature, and these sites were distributed mainly in the Tianshan, Kunlun and Altun Mountains, accounting for 73.24% of the entire grassland, 6.67% of the area affected by precipitation and 20.09% of the area affected by evapotranspiration. The main climatic factor affecting the growth of grassland in summer August was again temperature, and the sites were mainly distributed in the Kunlun and Altun Mountains, accounting for 48.10% of the entire grassland, 7.19% of the area affected by precipitation and 44.72% of the area affected by evapotranspiration. The main climatic factor affecting the growth of grassland in September in autumn was evapotranspiration, and the sites were mainly distributed mainly in the Kunlun and Altun Mountains, accounting for 48.55% of the whole grassland, 23.86% of the area affected by precipitation and 27.59% of the area affected by evapotranspiration.




Figure 11 | Distribution of climate influencing factors in Xinjiang grasslands, (A) distribution of impact factors in spring (April), (B) distribution of impact factors in summer (August), (C) distribution of impact factors in September (autumn), (D) statistics on the distribution of climate influencing factors in different growing periods.






3.6 Reliability validation of the copula model

By comparing the NDVI conditional distribution with the corresponding NDVI-SPEI paired observations from 1982-2020, the model was validated for the probability derivation of complex structures under drought conditions and the identification of drought-prone areas. The NDVI distribution of the five grassland types in Xinjiang in spring, summer and autumn (April, August and September) was simulated using the conditional distribution method of Eq. (6). Of all pixel sites in Xinjiang, five were randomly selected for model validation: meadow, alpine and subalpine grassland, alpine and subalpine meadow, desert grassland and plain grassland. Figures 12A–I, K–O show the five grassland types in April, August, and September, respectively, with color shadows representing the PDF values for a given SPEI value, and the PDF values are standardized. Most of the paired observations were in the high-density area of the conditional probability function. The results showed that the probabilistic model of drought stress in Xinjiang grassland based on copula was reliable.




Figure 12 | Comparing the grassland NDVI (normalized between 0-100%) with the paired NDVI-SPEI (black points), (A–O) are five randomly selected pixel points from five grassland types in April, August and September, respectively.







4 Discussion



4.1 Correlation and response time of grassland with drought

The results of previous related studies showed that the SPEI-NDVI correlations reflected different correlations and spatial characteristics depending on the vegetation growth period (Zhao et al., 2018; Zhou et al., 2018; Li et al., 2022). The NDVI was positively correlated with the SPEI in grassland communities in most areas of Xinjiang from November to December. Xinjiang’s location in the heartland of the Asian continent has a significant impact on its climatic conditions. The region is primarily influenced by westerly circulation, which results in low moisture conditions. As a result, the growth of grasslands is limited due to the scarcity of water. (Yao et al., 2020). The negative SPEI-NDVI correlation occurred mainly at some high latitudes (mainly the Altai Mountains, the Tian Shan and the Kunlun Mountains). Lower temperatures in late autumn (November-December) and winter (January-March) reduced the enzyme activities required for photosynthesis, respiration, and transpiration and reduced the water demand for grassland vegetation growth; additionally, they were the leading causes of grassland biomass decline in the high latitudes of Xinjiang (Neuner et al., 2020). From March to May, despite the low precipitation, the rising temperatures increased the soil moisture as a result of melting snow and ice in the mountains, allowing grasslands in northern and southern Xinjiang and central Tian Shan to recover (Duan et al., 2021). Therefore, when snow and glaciers provided additional soil moisture, grassland recovery in spring was less dependent on precipitation. The same result was reported by Yao et al. (2019), who, in their study on the influence of hydroclimatic variables on the NDVI in Xinjiang, noted that soil moisture varied more significantly in response to vegetation dynamics, reflecting that the weaker NDVI-SPEI correlation in spring was due to the availability of sufficient snow or glaciers for soil moisture replenishment (Yao et al., 2019).

In addition, the negative correlation between the SPEI-NDVI in January-June and August-October in the Altun Mountain grasslands was due to the change in atmospheric circulation on the Tibetan Plateau, while the third polar region changed the spatial pattern of its stock water bodies. The strengthening of westerly winds and weakening of the Indian monsoon led to an increase in precipitation in the northern (Kunlun and Altun Mountains) inland flow area and a decrease in precipitation in the southern outland flow area (Yao et al., 2022). In relatively humid regions, a negative SPEI during the grassland growing season (April-October) did not mean that vegetation was short of water, as the water balance was positive during periods of high precipitation (Figure 13). Therefore, dry and wet conditions during the growing season of grassland vegetation were not necessarily limiting factors, as seen from the SPEI-NDVI correlations for the southern and northern regions.




Figure 13 | Mean values of growing season water balance in Xinjiang from 1982-2020.






4.2 Heterogeneity of climate zones and grassland types in response to drought

The scale of vegetation response to drought varied depending on the climatic regions and vegetation type in which it was located (Zhang et al., 2017; Zhang and Zhang, 2019). Our study was only on grassland vegetation, so the scale of grassland response to drought varied mainly with the climatic regions in which grassland was located. Grasslands in semi-humid regions take longer to respond to moisture changes than do grasslands in arid and semiarid regions in our study. The SPEI in semi-humid regions is negative, but the water balance tends to be positive (Zhou et al., 2018), making grasslands in wetter areas less responsive to drought than those in drier regions. The results also suggest that grassland strategies for moisture changes in different regions may vary depending on the climate regions in which they are located. Grasslands are limited in water supply in different climatic regions (Cao et al., 2022; Liu et al., 2022). Grasslands in arid and semiarid regions responded more strongly to water deficits, possibly due to the negative average water balance during grassland vegetation growth (Figure 13), and the increased demand for water from grassland vegetation growth, leaves, and roots led to shorter response times to water deficits, as vegetation response time tended to be positively correlated with water balance in the near-zero degree range (Vicente-Serrano et al., 2013). Compared to arid and semiarid regions, the average water balance vegetation growth periods were positive in subhumid regions (Figure 13). Long-term positive water balance accumulation also boosted soil moisture and decreased the sensitivity of grassland development to short-term water shortage, allowing grassland to adapt to long-term water deficiency. The results were consistent with those of Fang et al. (2019b) in mainland China and on the Loess Plateau.

The reason for the highest probability of grassland NDVI declining in April in spring when the arid region is subjected to drought is that the natural factor that has a greater impact on grass in April in spring is the gradual increase in temperature, since precipitation in the dry area is consistently low throughout the growing season (Zhang et al., 2020). Drought in semiarid regions is most likely to cause grassland losses in August and September of summer and autumn, and the results were consistent with those of Yuan et al. (2022) in Central Asia (Yuan et al., 2022). This result is possibly due to the persistent high temperatures in Xinjiang at this time of year and the fact that semiarid regions are more dependent on precipitation than are semi-humid regions and appear to have a greater demand for soil moisture from iceberg meltwater (Zheng et al., 2021). In addition, spring warming leads to melting of alpine snow and ice and increased soil moisture, whereas at higher altitudes, the heat required for melting of snow and ice and evaporation of liquid water further leads to lower soil temperatures (Su et al., 2011). The microbial activity and root growth metabolic capacity of herbaceous plants are affected by lower soil temperatures (Ni and Li, 2019), which in turn reduces the water uptake capacity of grassland vegetation. In addition, high or low air humidity can cause stomatal closure of grasses, reduced transpiration and photosynthesis, inability of grasses to transport mineral nutrients well, and growth inhibition (Li et al., 2022).

In our results, meadows were more sensitive to drought in April in the spring and less sensitive in the drier months of August and September. This result is due to the presence of rivers in the main distribution area of the meadow, as rivers can compensate for the water demand of the meadow during drought (Figure 1B). Desert grasslands are often water scarce and have evolved physiological mechanisms capable of adapting to water-scarce conditions, such as more efficient water storage systems and stronger roots, after a long period of survival and adaptation (Guo et al., 2012; Lei et al., 2020). The low sensitivity of desert grasslands to drought in the study results is consistent with previous regional and national studies (Huang et al., 2021; Bu et al., 2022). It is important to emphasize that seasonal changes in vegetation also affect evapotranspiration (Fu et al., 2023), and Figure 14 shows the seasonal changes in evapotranspiration in response to different grassland types. In our study, all five grassland types showed the same trend, with July being the period of maximum evapotranspiration, differing from alpine subalpine meadows where evapotranspiration was greatest. In the drier month of August, the evapotranspiration of the meadow decreased instead, which also indicates that the meadow adopted appropriate strategies to prevent water loss during drought (Yue et al., 2019; Li et al., 2020). Therefore, more attention was given to plain grasslands and alpine subalpine meadows, which have a higher probability of water loss during drought.




Figure 14 | Seasonal variation in evapotranspiration in different grassland types: (A) meadows, (B) plains grasslands, (C) desert grasslands, (D) alpine subalpine meadows, (E) alpine subalpine grasslands, and (F) Total grasslands.






4.3 Main influencing factors of drought stress in grassland

In general, temperature, precipitation and evapotranspiration are the main causes that directly control the exposure of vegetation to drought stress (Ashraf et al., 2022; Zhao et al., 2022). Xinjiang has long daylight hours and strong solar radiation (He et al., 2021). However, as the vegetation growth period changes, its main influencing factors subsequently change. In our study, the main influencing factor in April (spring) was temperature (73.24%), which was because most of the grasses in Xinjiang grow in higher-altitude areas and need sufficient temperature to melt snow and ice at the beginning of growth to provide the water and heat needed for grass growth (Zhang et al., 2019). The main influencing factors in August (summer) were temperature (48.10%) and evapotranspiration (44.72%), which was due to the low precipitation and persistent high temperature in summer, resulting in increased evapotranspiration and long-term water deficits in grasslands (Huang et al., 2017). The main influencing factor in September (autumn) was evapotranspiration (48.55%), which was because evapotranspiration became the main influencing factor in the late growth period when grass vigor decreased along with the ability to retain water (Du et al., 2015).

In addition to climatic factors, other environmental factors (e.g., elevation, slope and aspect) can influence the drought patterns in a region (Kumari et al., 2020). Because elevation is a direct control factor affecting temperature, slope orientation affects solar exposure time and solar radiation (P. Zhang et al., 2022), both of which are important factors affecting vegetation drought (Yang et al., 2022). The only highly significant correlation (r = -0.52519) found in our study was between elevation and the probability of meadow decline to the 30th percentile of the land during severe drought, with a smaller effect of slope and slope orientation on meadow drought (Figure 15). This is because the NDVI representing grasslands in our study used lower resolution (1/12°) GIMMS data that do not capture the effects of slope and slope orientation on grassland drought (Chen et al., 2021).




Figure 15 | Correlation between elevation, slope and slope orientation and the probability of decline of grass-land NDVI to the lower percentiles under drought stress: (A) DEM, (B) slope and (C) slope direction (as an example, the probability of falling to the 30th percentile under severe drought stress in Au-gust, and the most severe drought was in summer).



Moreover, most of the grasslands in Xinjiang grow in cold and dry areas, and freezing and cold effects are also important factors affecting the growth of grasslands (Wang et al., 2022). This part of the grassland community is more homogeneous, and lower soil temperatures, moisture and nutrients under freezing and cold conditions limit the growth of grasslands, which in turn slow photosynthesis and carbon cycling (Rixen et al., 2022). In addition, there are limitations in our study; this study used GIMMS NDVI data with long time series but low resolution because it is more convincing to use a longer time when considering the effect of climate change on vegetation. The enhanced vegetation index (EVI) is also a better index for monitoring vegetation (Wu et al., 2022). Under the condition of better vegetation growth, the EVI can capture more vegetation changes than the NDVI, but it has limited application in mountainous areas (Kumari et al., 2021). Therefore, we prefer to use the EVI to monitor vegetation when it is not limited by the length of time and topographic conditions. In future studies, more accurate remote sensing images, such as Sentinel, Landsat and SPOT images or multisource remote sensing image fusion methods, should be used to monitor vegetation activity.




4.4 Grassland activities to overcome water deficits and surpluses

Grasslands under drought stress will adopt appropriate strategies to mitigate drought and maintain their own growth and development (Singh et al., 2020). The most important of these is the regulation of photosynthesis, which is manifested by increasing the efficiency of water use, using less water to complete the same degree of photosynthesis (Linderson et al., 2012), producing more antioxidants to protect chlorophyll, etc., to reduce their own oxidative damage (Baccari et al., 2020) and enhancing photosynthesis to obtain more energy to regulate growth and development. Regulation of stomatal conductance is also an important strategy used by grasses to overcome drought (BiBi et al., 2021). In the case of water deficit, the grass will reduce the degree and number of stomatal openings and thus transpiration and water loss, which at the same time will reduce the CO2 concentration and reduce the efficiency of photosynthesis, resulting in the limitation of grass growth (Nunes et al., 2020; Baca Cabrera et al., 2021; Israel et al., 2022). Conversely, in water surpluses, the degree and number of stomatal openings are increased, accelerating respiration and the rate of water discharge to avoid root hypoxia and decay as well as the accumulation of salts and toxins in the body (Mielke et al., 2003; Pociecha et al., 2008; Nasrullah et al., 2022).





5 Conclusion

This study combined correlation analysis and cointegration theory to quantify the drought stress vulnerability of grasslands in Xinjiang from a probabilistic perspective. The response time of grassland vegetation varied among climate zones, with grasslands in humid regions having longer response times during the growing season than those in semiarid regions. More severe grassland drought led to a higher likelihood that a grassland would experience significant vegetation declines and take appropriate adaptation strategies to mitigate drought after vegetation deterioration to a certain level. Compared with other months, August was the most vulnerable period for drought in the Xinjiang grasslands. The highest probability of drought vulnerability was found in semiarid grasslands, as well as in plains grasslands and alpine subalpine grasslands. In addition, the main influencing factors were temperature in April and August and evapotranspiration in September.
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