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Abstract

:

Dryland ecosystems are fragile to climate change due to harsh environmental conditions. Climate change affects vegetation growth primarily by altering some key bio-temperature thresholds. Key bio-temperatures are closely related to vegetation growth, and slight changes could produce substantial effects on ecosystem structure and function. Therefore, this study selected the number of days with daily mean temperature above 0 °C (DT0), 5 °C (DT5), 10 °C (DT10), 20 °C (DT20), the start of growing season (SGS), the end of growing season (EGS), and the length of growing season (LGS) as bio-temperature indicators to analyze the response of vegetation dynamics to climate change in the Great Lakes Region of Central Asia (GLRCA) for the period 1982–2014. On the regional scale, DT0, DT5, DT10, and DT20 exhibited an overall increasing trend. Spatially, most of the study area showed that the negative correlation between DT0, DT5, DT10, DT20 with the annual Normalized Difference Vegetation Index (NDVI) increased with increasing bio-temperature thresholds. In particular, more than 88.3% of the study area showed a negative correlation between annual NDVI and DT20, as increased DT20 exacerbated ecosystem drought. Moreover, SGS exhibited a significantly advanced trend at a rate of −0.261 days/year for the regional scale, while EGS experienced a significantly delayed trend at a rate of 0.164 days/year. Because of changes in SGS and EGS, LGS across the GLRCA was extended at a rate of 0.425 days/year, which was mainly attributed to advanced SGS. In addition, our study revealed that about 53.6% of the study area showed a negative correlation between annual NDVI and LGS, especially in the north, indicating a negative effect of climate warming on vegetation growth in the drylands. Overall, the results of this study will help predict the response of vegetation to future climate change in the GLRCA, and support decision-making for implementing effective ecosystem management in arid and semi-arid regions.
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1. Introduction


Global surface temperature was 1.09 °C higher in 2011–2020 than 1850–1900, with larger increases over land (1.59 °C) than over the ocean (0.88 °C) [1]. Climate change characterized by global warming has a greater impact on the structure and function of terrestrial ecosystems [2,3]. Climate warming has intensified glacier melting and permafrost degradation [4,5], resulting in a series of ecological and environmental effects, such as the release of large amounts of deep permafrost carbon and the declining water table [6]. Meanwhile, climate warming enhanced vegetation productivity by promoting photosynthesis, extending growing seasons, especially at high latitudes and altitudes [7,8,9]. In addition, plenty of evidence suggests that extreme high-temperature events are increased with enhancement of frequency and intensity across the globe [10,11]. Although climate warming reduces the occurrence of extremely low temperature events, such as frost events, the extension of the plant growing season due to warming may induce more frequent frost days during the growing season [12,13]. Accompanied by changes in temperature, the adaptive capacity of vegetation to environmental changes and ecosystem vulnerability increases, significantly affecting the provision of global ecosystem services [14]. Therefore, monitoring vegetation growth and understanding its response to temperature change is important for quantifying global carbon budget, and has become a hot topic in climate change research [15,16].



Ecosystems in arid and semi-arid regions are more fragile to climate change due to harsh environmental conditions, and even slight changes in the climate can have a substantial influence on such ecosystems [17,18]. However, previous studies on climate change have mainly focused on the analysis of statistical distributions of climate variables, such as mean, maximum, and minimum values, while neglecting their association with ecosystems [19,20]. Climate change affects vegetation growth primarily by altering some key bio-temperature thresholds, such as 0 °C, 5 °C, 10 °C, and 20 °C [21,22,23]. These temperature indicators are closely related to the growth and distribution of vegetation, and their changes may lead to alterations in ecosystem structure and function [24,25,26]. Recent evidence has indicated that changes in bio-temperature thresholds altered vegetation productivity and modified vegetation seasonality by affecting the initiation, termination, and performance of vegetation photosynthetic activity over the Northern Hemisphere land [27]. Meanwhile, the Normalized Difference Vegetation Index (NDVI), as a typical remote sensing index for measuring vegetation greenness, was widely used to characterize the response of vegetation growth to climate change [7,19,28]. In recent decades, numerous studies have indicated that variations in global temperature have greatly affected vegetation dynamics in drylands [29,30]. Nevertheless, few studies were focused on the relationship between key bio-temperature thresholds and NDVI. A quantitative assessment of the effects of changes in key bio-temperature thresholds on NDVI will be helpful for understanding the response mechanisms of dryland ecosystems to climate change.



The Great Lakes Region of Central Asia (GLRCA) is located in the hinterland of the Eurasian continent, far from the ocean, and covers five countries: Kazakhstan, Kyrgyzstan, Turkmenistan, Tajikistan, and Uzbekistan, which is the largest dryland area in the temperate zone of the Northern Hemisphere [31,32]. Over the past 33 years, the GLRCA has experienced rapid warming of approximately 0.36 °C–0.42 °C, which was stronger than the global average temperature [33]. Greater warming significantly affects the intensity and frequency of extreme temperatures in the GLRCA, with an overall trend of increased extreme high-temperature events and decreased extreme low-temperature [29,34,35]. Arid and semi-arid regions are very sensitive to climate change due to their fragile ecosystems and limited resilience to climate change [36]. Temperature changes can be directly reflected in changes in vegetation growth [29,37]. Zhou et al. [38] found that the warming trend in the GLRCA initially enhanced the greenness of vegetation before 1991, but then the continued warming trend inhibited further increase in greenness. In addition, several studies have also demonstrated that the increase in temperature prolonged the growing season, and in turn increased ecosystem productivity in some areas of the GLRCA [37,39]. However, it remained uncertain how key bio-temperature thresholds changed over the GLRCA, and different bio-temperature may induce various impacts on terrestrial ecosystems under global warming. Therefore, it is essential to explore the spatial and temporal associations of vegetation growth and key bio-temperature thresholds in the GLRCA.



In this study, we selected the number of days with daily mean temperature above 0 °C (DT0), 5 °C (DT5), 10 °C (DT10), 20 °C (DT20), the start of growing season (SGS), the end of growing season (EGS), and the length of growing season (LGS) as key indicators of bioclimatology. Based on these indicators, the objectives of this study were to (1) investigate the temporal and spatial trends of bio-temperature in the GLRCA; and (2) explore the correlation between NDVI and bio-temperature indicators, thus detecting the response of vegetation growth to temperature changes. This study provides a scientific basis for quantitative assessment of vegetation growth changes in dryland ecosystems under global warming, and will be helpful for decision-making in implementing ecological restoration and conservation in arid and semi-arid regions.




2. Data and Methods


2.1. Study Azrea


GLRCA (35.1–55.5°N, 46.4–87.4°E) includes five Central Asian countries: Kazakhstan, Uzbekistan, Turkmenistan, Kyrgyzstan, and Tajikistan [31]. The entire study area is dominated by a typical continental climate, characterized by scarce precipitation, strong evapotranspiration, and large temperature fluctuations [40]. Meanwhile, precipitation in the GLRCA is controlled by westerly and monsoon, and differences in moisture sources further influence precipitation patterns, with precipitation mainly concentrated in spring [41,42,43]. Different periods of rain and heat develop a more unique dryland ecosystem that is highly sensitive to climate change [44,45]. Grasslands (70.1%), barren land (16.8%), croplands (5.5%), and shrublands (3.1%) are the major land cover types in the GLRCA (Figure 1a). Additionally, GLRCA can be divided into three climate zones based on the Koppen–Geiger climate classification [46]: arid climate zone, cold climate zone, and temperature climate zone (Figure 1b). Arid climate zone and cold climate zone account for 63.0% and 36.4% of the study area, respectively.




2.2. Data


2.2.1. NDVI Data


Remote sensing data, characterized by time continuity and large spatial scales, is an efficient approach to monitoring the growth status and cover of vegetation [47], and has been widely used in vegetation response to climate change studies [37,48]. In this study, we used the Global Inventory Monitoring and Modeling Studies (GIMMS) NDVI dataset from 1982 to 2014 at a spatial resolution of 0.083° × 0.083° and a bimonthly time resolution. This dataset is corrected through a series of processing steps to reduce noise interference from volcanic eruptions and sensor-induced errors, with high quality. In this study, we used the maximum value composite (MVC) method for two NDVI images of each month to obtain the monthly NDVI dataset. MVC, which processes a series of multi-temporal georeferenced satellite data into one image by examining each value pixel by pixel, retaining only the highest value at each pixel location [7,28]. To characterize the yearly growth of vegetation, yearly NDVI was defined as the average monthly composite NDVI.




2.2.2. Climate Data


The daily mean temperature data used in this study were obtained from the GLDAS-2.0 dataset provided by the Global Land Data Assimilation System (GLDAS), covering our study period (1982–2014), with a spatial resolution of 0.25° × 0.25°. GLDAS combines simulation models with observations to provide long-term gridded meteorological datasets on a global scale, and has been widely used in climate change research [49,50,51]. Ji et al. [51] compared the GLDAS dataset with the Global Historical Climatology Network (GHCN) datasets (including 13511 weather stations), and found that the daily mean temperature data of GLDAS had a fairly high accuracy. Additionally, we compared and analyzed the spatial distribution of the annual means for GLDAS temperature with that for Climatic Research Unit (CRU) temperature from 1982–2014 (Figure 2), and found that they were highly consistent, which further demonstrates the applicability of GLDAS dataset in the GLRCA [33].





2.3. Methods


2.3.1. Bio-Temperature Indicators


Bio-temperature thresholds are closely related to the growth and distribution of vegetation, and 0 °C, 5 °C, 10 °C, 20 °C have been widely used to assess regional heat resources [21,22,23]. In addition, 5 °C is the minimum temperature for photosynthesis of some tropical and subtropical evergreen broadleaf forests [52]. Meanwhile, 5 °C was often employed to quantify growing season length and was also considered to be a key indicator in modelling of global vegetation patterns in previous studies [53,54]. Most thermophilic crops begin to grow when the daily mean temperature is steadily above 10 °C, and DT10 is closely associated with sprouting and withering of most arboreal leaves [25,55]. Furthermore, the number of days below 0 °C (frost days) and DT20 are commonly used to characterize the variability of extreme temperature events [26,56]. To reduce the effect of extreme values, we employed a 6-day moving average as the daily mean temperature to calculate DT0, DT5, DT10, and DT20 in this study.



The effect of surface air temperature on vegetation growth is usually assessed by changes in the thermal growing season [24,57]. Considering the heat requirements for most vegetation growth, the Expert Team on Climate Change Detection and Indices (ETCCDI) defined a set of growing season indicators based on daily mean temperature, and has been widely used in climate change studies [54,58]. In the Northern Hemisphere, SGS was defined as the first day of the first 6-day period before 1 July with a daily mean temperature greater than 5 °C, and EGS was determined as the first day of the first 6-day period after 1 July with a daily mean temperature of less than 5 °C. LGS was the number of days between SGS and EGS. Ultimately, seven bio-temperature indicators were selected in this study to analyze the effect of temperature change on vegetation growth across the GLRCA (Table 1).




2.3.2. Correlation Analysis


To examine the response of vegetation dynamics to temperature changes, we analyzed correlations between annual NDVI and various bio-temperature indicators using Pearson’s correlation coefficient based on pixels [37]:


  r =     ∑   i = 1  n       x i  −  x ¯       y i  −  y ¯            ∑   i = 1  n       x i  −  x ¯     2    ∑   i = 1  n       y i  −  y ¯     2       



(1)




where  r  is the correlation coefficient between annual NDVI and climate indicator;    x i    and    y i    are annual NDVI and climate data for year  i , respectively; and   x ¯   and   y ¯   are the mean of the annual NDVI and climate data over the entire study period, respectively. An  r  value less (greater) than 0 indicates a negative (positive) correlation. The greater the absolute value of  r , the higher the correlation between annual NDVI and bio-temperature variables.



Because of inconsistencies in the spatial resolution between the NDVI and climate data, we resampled the NDVI data from a resolution of 0.083° × 0.083° to 0.25° × 0.25° using the nearest neighbor method. Meanwhile, a p-value < 0.05 for correlation analysis was considered statistically significant.




2.3.3. Trend Analysis and Significance Test


In this study, a linear regression, calculated by the least-squares method, was performed to detect trends in NDVI and climate variables. A positive slope indicates an increasing trend and a negative slope indicates a decreasing trend. The significance of the trend was tested using the F test, and a p-value < 0.05 was considered significant. In addition, the uncertainty of the trend was defined as the difference between the slope estimates and the lower limit of the 95% confidence interval.






3. Results


3.1. Spatial and Temporal Variation of Temperature and NDVI


Figure 3 illustrates the spatial patterns of trends in annual mean temperature, annual NDVI, and correlation between annual mean temperature and annual NDVI over the GLRCA for the period 1982–2014. During the entire study period, annual mean temperature exhibited an obvious increasing trend and had large spatial heterogeneity. Greater warming (>0.050 °C/year) occurred mainly in the west and southeast. Meanwhile, approximately 68.2% of study area experienced a decreasing trend in annual NDVI. Spatially, the greater decrease (<−0.0008 year−1) in annual NDVI was observed mainly in the west dominated by arid climate zone, and the greater increase (>0.0008 year−1) was primarily in the east dominated by cold climate zone. To investigate the response of vegetation growth to temperature changes, we further analyzed the correlation between annual mean temperature and annual NDVI based on Pearson’s correlation coefficient. From 1982 to 2014, approximately 44.0% of the study area was subject to a positive correlation between annual temperature and annual NDVI, and a greater positive correlation (>0.2) was observed primarily at high altitudes in the southeast.



We employed a 6-day moving average as the daily mean temperature and then analyzed the interannual variations of maximum temperature in the GLRCA (Figure 4). From 1982 to 2014, annual means for maximum temperature in approximately 92.7% of the study area was larger than 20 °C. Relatively small annual means for maximum temperature (<20 °C) was mainly observed in the southeast with high altitudes. Overall, maximum temperature in the arid climate zone was significantly higher than in the cold climate zone. Additionally, about 70.4% of the study area was subject to an increasing trend in maximum temperature, with only 10.5% being significant (p < 0.05). Spatially, a larger increasing trend (>0.04 °C/year) was mainly occurred in the west of the study area dominated by arid climate zone. Interestingly, although annual mean temperature exhibited a significant increasing trend (Figure 3), the maximum temperature in 29.6% of the study area showed a decreasing trend. Greater decrease (<0.03 °C/year) was observed mostly in the northeast. Additionally, the higher uncertainty (>0.6) in the trend of maximum temperature was mainly distributed in the northwest of the study area.




3.2. Spatial and Temporal Variation of DT0, DT5, DT10, and DT20


To further explore the spatial and temporal variation in temperature, we analyzed the trends in DT0, DT5, DT10, and DT20 over the GLRCA from 1982–2014. At the regional scale, DT0, DT5, DT10, and DT20 exhibited an overall increasing trend at the rate of 0.437 days/year, 0.485 days/year, 0.451 days/year, and 0.371 days/year, respectively, and all passed the significance test at the 0.01 level (Figure 5). Spatially, the trends in DT0, DT5, DT10, DT20, and the uncertainty in the trends were obviously heterogeneous over the entire study area (Figure 6 and Figure 7). The most pronounced increase (>0.6 days/year) in DT0 was primarily observed in the west and the southeast, accounting for about 29.2% of the study area. Meanwhile, approximately 29.9% of the study area experienced a greater increase (>0.6 days/year) in DT5, and occurred mainly in the central and southeast. For DT10, the greater increase (>0.6 days/year) was observed mostly in the south, accounting for 19.7% of the study area. About 23.5% of the study area showed a larger increase (>0.6 days/year) in DT20, occurring mainly in the west and south. In addition, a clearly decreasing trend in DT20 was observed in the northeast, accounting for approximately 10.8% of the study area. Spatially, the regions with low uncertainty were relatively consistent with those that passed the significance test at the 0.05 level.



To further explore the effect of temperature change on vegetation growth, we analyzed the correlation of annual NDVI with DT0, DT5, DT10, and DT20 across GLRCA for the period 1982–2014 (Figure 8). Spatially, there was a clear heterogeneity in the correlation between the annual NDVI and the four bio-temperature indicators. From 1982 to 2014, positive correlations between annual NDVI with DT0, DT5 occurred in 58.8%, 46.6% of the study area, respectively, and greater positive correlations (>0.30) were observed mainly at high elevations in the southeast dominated by cold climate zone. Meanwhile, about 66.6% of the study area was subject to a negative correlation between the annual NDVI and the DT10, especially in the central region with a greater negative correlation (<−0.30). Furthermore, most of the study area (approximately 88.3%) experienced a negative correlation between annual NDVI and DT20, with 43.5% being significant (p < 0.05), and the greater negative correlation (<−0.30) was widely distributed in the west. Overall, the larger the number of days with higher temperature, the greater the negative impact on vegetation growth.




3.3. Spatial and Temporal Variation of SGS, EGS, and LGS


Based on daily mean temperature data in the GLRCA from 1982–2014, we further calculated three bio-temperature indicators: SGS, EGS, and LGS. Figure 9 illustrates the interannual trends in SGS, EGS, and LGS at the regional scale in the GLRCA. During the entire study period, SGS exhibited a significant decreasing trend with a regional average rate of −0.261 days/year, and passed the significance test at 0.01 level. Meanwhile, EGS showed a pronounced increasing trend at a rate of 0.164 days/year. Changes in LGS are controlled by changes in SGS and EGS. We further analyzed the interannual trend in LGS and found that LGS across the GLRCA increased at a rate of 0.425 days/year (p < 0.01) at the regional scale.



Figure 10 indicates the spatial distribution of trends in SGS, EGS, and LGS over the GLRCA during the period 1982–2014. Over the past 33 years, most of the study area (about 96.7%) exhibited a negative trend in SGS, with 34.8% being significant (p < 0.05). Spatially, the greater advanced SGS (<−0.4 days/year) was mainly observed in the south. For trends in EGS, more than 86.6% of the study area experienced an increasing trend. The larger delays in EGS occurred mainly in the central and southeast. Accompanied by an earlier SGS and a later EGS, LGS showed a pronounced positive trend over 97.8% of the study area, and 34.8% passed the significance test at 0.05 level. Spatially, a higher extended LGS (>0.6 days/year) was observed mainly in the central and southeast. For the uncertainty in the trends of SGS, EGS, and LGS, the low values (<0.35) were mainly in the north, while the high values (>0.65) were mainly in the south (Figure 11).



Temperature is one of the major drivers of vegetation phenology changes. Therefore, we analyzed the correlations between annual NDVI and three indicators of growing season (SGS, EGS, and LGS) derived from surface air temperature to identify the impact of growing season variability on vegetation dynamics (Figure 12). Over the whole study period, the regions showing a positive correlation between annual NDVI and SGS accounted for about 52.2% of the study area. Spatially, the greater positive correlation (>0.2) was occurred mainly in the center of the study area, while the larger negative correlation (<−0.2) was primarily recorded in the north and southeast. Meanwhile, approximately 52.2% of the study area experienced a positive correlation between annual NDVI and EGS, and a larger positive correlation (>0.2) was observed mostly in the south. Then, we analyzed the correlation between annual NDVI and LGS and found that a negative correlation represented approximately 53.6% of the study area. Spatially, the greater negative correlation (<−0.2) between annual NDVI and LGS was mainly found in the central, and the larger positive correlation (>0.2) was mainly in the southeast.





4. Discussion


In this study, we investigated the spatial and temporal variation of bio-temperature indicators (including DT0, DT5, DT10, DT20, SGS, EGS, and LGS), and further analyzed the response of vegetation growth to changes in bio-temperature indicators across the GLRCA for the period 1982–2014.



Over the entire study period, GLRCA experienced a significant warming trend, and such climate warming has induced a series of ecological and environmental effects [59,60]. Since the 1970s, nearly half the great lakes in the GLRCA have shrunk, and considerable glaciers are rapidly retreating due to climate warming [60]. In the present study, a significant decreasing trend in annual NDVI was observed in most of the study area (68.2%), especially around the Aral Sea, while a significant increasing trend was mainly in the east. This variation in vegetation dynamics was also identified in previous studies [19,40]. Meanwhile, numerous studies have suggested that temperature played a major role in the vegetation dynamics across the GLRCA [19,29].



From 1982–2014, approximately 44.0% of the study area experienced a positive correlation between annual temperature and annual NDVI, particularly at high altitudes in the southeast. According to the Koppen–Geiger climate classification [46], GLRCA can be divided into arid climate zone and cold climate zone. Generally, cold climate zones are mainly located at high altitudes, and temperature is the dominant climatic factor affecting vegetation growth [61,62]. Thus, the increase in vegetation greenness in the mountainous of the GLRCA could be attributed to climate warming [19,38]. However, rapid warming could significantly increase evapotranspiration and lead to soil moisture deficit, which in turn limit vegetation growth [63,64]. This might explain the negative correlation of annual NDVI with annual temperature in the west of the study area.



Climate change manifests itself not only as changes in mean conditions, but also as changes in some key bio-temperature thresholds [21]. Key bio-temperature is closely related to the growth of vegetation, and slight changes could produce substantial effects on the structure and function of ecosystems [22,57]. Therefore, we further analyzed the spatial and temporal trends in DT0, DT5, DT10, and DT20. Overall, four indicators showed a pronounced increasing trend, which is the consequence of increased temperature in the GLRCA [65]. Spatially, this increase has significant variability, which should be strongly associated with the spatial and temporal heterogeneity in surface characteristics, such as topography and urbanization [66]. Moreover, a clearly decreasing trend in DT20 was observed in the northeast, and Figure 3a and Figure 4b revealed that the annual mean temperature in the region also insignificantly increased and the maximum temperature showed a slightly decreasing trend from 1982–2014. Previous studies found that increased precipitation and vegetation greening could induce a cooling effect on regional temperatures [67,68]. Therefore, the increase in precipitation and NDVI over the northeastern GLRCA should contribute to the decrease in DT20 [19]. Overall, despite the increasing trend of temperature in the GLRCA, changes in key bio-temperature threshold were variable, and past studies considering only average temperature have limitations.



For the period 1982–2014, the correlations of annual NDVI with DT0, DT5, DT10, and DT20 were obviously spatially heterogeneous. It implied that the response of vegetation dynamics to temperature drivers was highly variable due to different vegetation characteristics and environmental conditions [29,69]. An increase in DT0 implies a decrease in frost days. Thus, a slight increase in temperature would exert a positive impact on regional vegetation growth by reducing frost days and extending the growing season [37,70]. At the same time, a significant positive correlation between annual NDVI and temperature indicators was observed at high elevations in the southeast because cold temperature is a serious constraint to vegetation growth in the region [19]. However, most of the regions in GLRCA showed that the negative correlation between DT0, DT5, DT10, DT20 with annual NDVI increased with increasing bio-temperature thresholds, which may be due to increased temperature intensifying precipitation limitation for dryland vegetation growth [71,72]. In particular, more than 88.3% of the study area showed a negative correlation between annual NDVI and DT20. In general, DT20 occurred mainly in summer, and high temperatures could further increase ecosystem drought. Recently, the negative effects of high temperatures on ecosystems have been widely reported in many regions, especially in arid and semi-arid areas [13,69]. Under high-temperature stress, vegetation photosynthesis is weakened or even stalled, while respiration is enhanced, thus leading to a decrease in productivity [73,74].



Vegetation phenology, including SGS, EGS, and LGS, is a sensitive signal indicating the response of vegetation dynamics to climate change [37,75]. Plenty of remote sensing data and ground observation data demonstrated that spring phenology has advanced and fall phenology has been delayed owing to global warming [24,37,76]. In this study, LGS presented a significant positive trend at a rate 0.425 days/year for the regional scale, and advanced SGS (−0.261 days/year) contributed more relative to delayed EGS (0.164 days/year). This result is consistent with other studies around the globe [37]. Additionally, Li et al. [77] extracted SGS using time series of NDVI, and found that warmer spring temperatures led to advanced SGS, whereas declined spring warming after 2005 reversed the SGS trends. Noticeably, this study also identified two distinct periods around 2005 with opposite SGS trends. In fact, spring cooling has been noted in some regions of the Northern Hemisphere over the last decades [7,78]. Such a spring cooling could possibly result in an insignificant advanced trend of SGS in the north of the study area. Overall, the trends of SGS based on the thermal growing season were relatively consistent with those based on the NDVI time series, which further indicates that the thermal growing season can effectively reflect the response of vegetation growth to temperature change. In addition, the spatial pattern of LGS was similar to that of DT5 because the growing season in this study was defined based on 5 °C and DT5 in a year occurred mostly within the growing season.



Environmental changes are inconsistent with the vegetation response, which may lead to different trends in growing season derived from surface air temperature and growing season based on actual vegetation phenology [37,76]. Therefore, we further analyzed the correlations between annual NDVI with SGS, EGS, and LGS. Generally, prolonged LGS controlled by advanced SGS and delayed EGS can increase the time of material accumulation, thereby enhancing vegetation productivity [9,79]. Meanwhile, a pronounced positive correlation between annual NDVI and LGS was observed at high elevations in the southeast. Furthermore, our study found that annual NDVI was negatively correlated with LGS in some regions of the GLRCA, especially in the north. In dryland ecosystems, precipitation is the major driver of vegetation greening, and increased evapotranspiration controlled by climate warming would lead to drought and exacerbate precipitation limitation [80]. In addition, the increase in temperature might accelerate the growth of vegetation and thus lead to a shortening of the vegetation growth cycle, particularly for herbaceous plants [37,81]. Hence, these could explain the negative effect of extended LGS on vegetation growth across the GLRCA.




5. Conclusions


This study analyzed the temporal and spatial characteristics of bio-temperature indicators (DT0, DT5, DT10, DT20, SGS, EGS, and LGS) in the GLRCA based on surface air temperature data from 1982–2014, and examined the response of vegetation dynamics to climate change. The major findings are as follows:




	(1)

	
With climate warming, DT0, DT5, DT10, and DT20 all showed a pronounced increasing trend at the regional scale. Spatially, there was significant heterogeneity in the four indicators, particularly an obvious decrease in DT20 was observed in the northeast.




	(2)

	
Most of the study area showed that the negative correlation between DT0, DT5, DT10, DT20 with annual NDVI increased with increasing bio-temperature thresholds. In particular, more than 88.3% of the study area experienced a negative correlation between annual NDVI and DT20.




	(3)

	
During the entire study period, SGS exhibited a significantly advanced trend at a rate of −0.261 days/year, and EGS experienced a significantly delayed trend at a rate of 0.164 days/year. Therefore, the overall extending trend in LGS was mainly attributed to the advanced SGS.




	(4)

	
About 53.6% of the study area showed a negative correlation between annual NDVI and LGS, especially in the north, indicating a negative effect of climate warming on dryland vegetation growth.
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Figure 1. (a) The land cover types (Source: MCD12Q1, https://modis.gsfc.nasa.gov/data/, accessed on 20 September 2021), and (b) the climate classification in the study area. 
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Figure 2. Spatial distribution of the annual means for (a) GLDAS temperature, (b) CRU temperature over the GLRCA from 1982–2014. 
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Figure 3. Spatial distribution of trends in (a) annual mean temperature, (b) annual NDVI, and (c) correlation between annual mean temperature and annual NDVI over the GLRCA from 1982–2014. 
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Figure 4. Spatial distribution of (a) the annual means for maximum temperature, (b) the trend for maximum temperature, and (c) the uncertainty in the trend of maximum temperature in the study area from 1982–2014. 
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Figure 5. Interannual variations in (a) DT0, (b) DT5, (c) DT10, and (d) DT20 at a regional scale in the GLRCA during the period 1982–2014. 
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Figure 6. Spatial distribution of trends in (a) DT0, (b) DT5, (c) DT10, and (d) DT20 during the period 1982–2014. 
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Figure 7. Spatial distribution of uncertainty in the trends of (a) DT0, (b) DT5, (c) DT10, and (d) DT20 during the period 1982–2014. 
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Figure 8. Spatial distribution of correlations between annual NDVI and (a) DT0, (b) DT5, (c) DT10, and (d) DT20 for the period 1982–2014. 
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Figure 9. Interannual variations in (a) SGS, (b) EGS, and (c) LGS at a regional scale in the GLRCA during the period 1982–2014. 
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Figure 10. Spatial distribution of trends in (a) SGS, (b) EGS, and (c) LGS for the period 1982–2014. 
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Figure 11. Spatial distribution of uncertainty in the trends of (a) SGS, (b) EGS, and (c) LGS during the period 1982–2014. 
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Figure 12. Spatial distribution of correlations between annual NDVI and (a) SGS, (b) EGS, and (c) LGS from 1982–2014. 
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Table 1. The bio-temperature indicators used in this study.
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	Label
	Index Name
	Unit





	DT0
	Number of days with Tmean > 0 °C
	Days



	DT5
	Number of days with Tmean > 5 °C
	Days



	DT10
	Number of days with Tmean > 10 °C
	Days



	DT20
	Number of days with Tmean > 20 °C
	Days



	SGS
	Start of growing season
	Julian days



	EGS
	End of growing season
	Julian days



	LGS
	Length of growing season
	Days
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