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Abstract

:

As the frequency and intensity of climate extremes are likely to be substantially modified in upcoming decades due to climate warming, an evaluation of the response of interannual vegetation variabilities to climate extremes is imperative. This study comprehensively analyzed the spatio-temporal variabilities of 21 temperature and precipitation indices across Hubei Province in Central China based on daily meteorological records for the period 1961–2015. To quantify the sensitivity of the vegetation to climate indices in the study area, we correlated climate indices with three vegetation indicators: leaf area index, normalized difference vegetation index, and gross primary productivity. The results indicated that warm-related indices exerted considerable increasing trends, especially for summer days at a rate of 0.35 days year−1 (p < 0.01). In addition, the trends of 18 indices during 1982–2015 were larger than those during 1961–2015, indicating accelerated climate changes in Hubei Province. Spatially, extreme precipitation showed increases in the eastern regions of the study area and decreases in the western regions. Correlation analyses revealed that warm anomalies of the Atlantic Multidecadal Oscillation resulted in extreme warm conditions and extreme precipitation in the study area. Stepwise linear regression analyses identified three temperature indices and three precipitation indices, which were mostly correlated with the three ecosystem variables at the site scale. Further multiple regressions demonstrated the main negative impacts caused by frost days, warm spell duration, extremely heavy precipitation, and consecutive dry days on the terrestrial ecosystem in Hubei Province. Our study provides an improved understanding of the effects of climate extremes on terrestrial ecosystems and can also offer a basis for the management of mitigating damage from climate extremes.






Keywords:


multiple climate indices; ecological response; temporal variability; multiple linear regression; Central China












1. Introduction


Global mean surface temperature warmed by approximately 0.72 °C during the period 1951–2012 [1]. The impacts of climate change on ecosystems have drawn attention from researchers over the past decade. However, global climate change studies focused mainly on changes in mean values for decades by using observational temperature and precipitation data [2,3]. As the issue of climate change became more prominent, climate extremes have received many attentions in recent decades as they tend to be more sensitive to climate change than the mean climate [4]. In addition, the importance of climate extremes and variability is now clear in impact studies. Extreme climate events (e.g., a drought event across Europe in 2003 [5]) can result in disasters by interacting with exposed and vulnerable human and natural systems [6,7]. To support these adaptions, there is a great demand for evaluating the climate extremes [8] and quantifying the impact of climate change on ecosystems variables [9,10] at regional scales.



Efforts from the Expert Team on Climate Change Detection and Indices (ETCCDI) have helped to standardize the definitions and calculations of climate extreme indices and facilitate the studies on climate extremes [11]. Based on the same index definitions from the ETCCDI, recent studies found that many climate extremes have occurred more frequently under warmer conditions across the globe for the past decades [2,12,13], especially temperature extremes associated with warming (e.g., hot days). Climate extremes have also been extensively studied within China, and significant changes have been detected [14,15,16]. For example, Xiao et al. [15] showed that the summer rainfall intensity has increased by approximately 11.2% on average in China with continuous hourly gauge records during 1971–2013 from 721 weather stations. Trends in warm and hot days increased more rapidly after the early 1980s than before in most regions of China [14]. For Central China, cold-related indices presented significant downtrends, while warm-related indices showed significant increasing trends during 1960–2012 in the Yangtze River Basin [17]. In Hunan Province in Central China, the statistically significant changes in extreme temperature indices have been observed at more stations than changes in extreme precipitation indices [18]. Model studies implied that many climate extremes would show an increasing tendency in the coming decades [19,20,21]. Increases in summer days and extreme wet events are projected in Central China based on 14 global climate models in the Coupled Model Intercomparison Project Phase 5 (CMIP5) [22]. This further emphasizes that more quantitative evaluations of the sensitivities of regional ecosystems to different climate extremes is imperative for future ecological and agricultural management and projection.



Extreme climate events have inevitably led to vegetation loss because of the strong relationship between the climate system and the ecosystem [22,23,24]. For example, the extreme heat and drought in 2003 caused a 30% reduction in gross primary productivity and resulted in a strong anomalous net source of carbon dioxide over Europe [5]. The negative impacts of climate extremes on natural ecosystems and agriculture have also been partly investigated in China [25,26,27]. The hundred-year return heat wave and drought in the summer of 2013 significantly reduced the vegetation index and gross primary production, which produced the largest negative crop yield anomaly since 1960 in southern China [25]. A spatio-temporal evaluation of the damage from heavy rain and floods in China exhibited that the agricultural area that was covered and affected by floods exhibited a significant increasing trend from 1950 to 2013, especially for the Yangtze River Basin [28]. However, these studies focused on a few climate extreme indices or events and did not analyze the response of different ecosystem variables to a full range of extremes indices systematically. Furthermore, it is essential to quantify the different contributions of climate indices on ecosystem variables over time [29], as exposure and vulnerability vary across temporal and spatial scales and particularly depend on local geographic and environmental factors [6,30,31].



Sensitivity and vulnerability assessments in China and across the globe suggested that the ecological response to climate variability is not the same if the research area is different [26,32]. This spatial variation emphasizes that it is necessary to conduct more comprehensive investigations at regional scales. This study focused on the province of Hubei in Central China. Hubei Province has also undergone significant climate changes and frequent climate extremes. Liu et al. [33] found that the frost event in January and February of 2008 produced an abrupt decrease in net primary productivity in forest and grass ecosystems in Central China. Correlation analyses exhibited a stronger effect from air temperature than from precipitation on leaf area index and vegetation productivity in this region [34,35]. However, systematic analyses of sensitivities of ecosystems to a full range of extremes indices are still scarce in the literature [34,36]. Therefore, the goal of this study is to diagnose local climate extremes and their impacts on vegetation. There are three major objectives: (1) to evaluate the temporal variabilities of climate extremes in Hubei Province by utilizing a daily meteorological data; (2) to identify the main climatic factors that impact ecosystem variables among 21 climate indices; and (3) to quantify the contribution rates of these main climatic factors on vegetation. The results are expected to improve our knowledge on regional ecological responses to climate variabilities and further support decision-making for the adaptation to extreme climate events.




2. Data and Methods


2.1. Study Area


Hubei Province, situated between 29°05′–33°20′N and 108°21′–116°07′E with an area of 1.859 × 105 km2 (Figure 1), is regarded as the political, economic and cultural center of Central China [36]. The elevation in this area has a clear descendant gradient from west to southeast. The province belongs to the north subtropical zone of humid monsoon climate, with a mean annual temperature of 15–17 °C and mean annual precipitation of 1100–1300 mm [34]. Seasonal climate is characterized by hot and humid summers and cold and dry autumns and winters [37,38]. Long-term harmonized meteorological records make it possible to comprehensively study the spatial distribution and temporal variability of climate change within the province.




2.2. Data Collection


Time series of observed daily maximum, minimum, and mean air temperature (TX, TN, and Ta, respectively) and daily total precipitation (P) from meteorological stations were obtained from the China Meteorological Administration (CMA) [39]. To cover the whole study area, a 60-km buffer from the edge of the province boundary was used to determine the meteorological stations used in this study. Then, according to the criteria that the series length should cover 1961–2015 and the missing data should be no more than 1% in every year at each station, data from 52 stations were ultimately selected for analyses, which included 30 stations within the study area and 22 around the study area (Figure 1). To clarify the relationship between indices of climatic extremes and large-scale circulation modes of climate variability, time series of monthly atmospheric and oceanic climate indices, including Multivariate ENSO Index (MEI), Pacific Decadal Oscillation (PDO) and Atlantic Multidecadal Oscillation (AMO), were collected from Earth System Research Laboratory, National Oceanic and Atmospheric Administration (NOAA) [40].



Vegetation variabilities in Hubei Province were evaluated with long-term global mapping leaf area index (LAI) product (GLOBMAP LAI Version 3) [41] and third-generation normalized difference vegetation index product (NDVI 3g.v1) [42]. The GLOBMAP LAI product was generated by quantitative fusion of the Moderate Resolution Imaging Spectroradiometer (MODIS) and the historical Advanced Very High Resolution Radiometer (AVHRR) data [43]. The pixel-level relationships between the AVHRR and the MODIS LAI were first established during the overlapping period 2000–2006 and used to estimate the AVHRR LAI back to 1981. Consequently, the long-term LAI series was constructed by a combination of the AVHRR LAI (1981–2000) and the MODIS LAI (2000–2016), which provided a global LAI dataset at a 15-day temporal resolution and an 8-km spatial resolution from 1981 to 2016. The NDVI data was derived from the new Global Inventory Modeling and Mapping Studies (GIMMS) [44], which can be found at the NASA Earth Exchange (NEX). This NDVI data was produced from AVHRR instruments that extended from 1981 to the present. In addition, this data has been widely used in previous land surface studies as a spatio-temporal indicator for vegetation activity [45,46,47].



A new gross primary productivity (GPP) data, with 0.1° spatial resolution and monthly temporal frequency over China, was obtained from Yao et al. [35], where a machine learning algorithm with eddy flux measurements was applied to 40 sites in China and its surrounding countries. The high-resolution GPP data can successfully capture the spatio-temporal variations of the GPP observed at the flux sites, including validation flux site data that were not put in training of model tree ensemble (MTE). All of the gridded datasets were first composited to annual temporal resolution and then aggregated to 0.05° × 0.05° spatial resolution using bilinear interpolation.



Brief information for all data used in this research is listed in Table 1.




2.3. Definitions and Calculations of the Climate Indices


In scientific literature, climate extremes are based on the use of so-called “extreme indices”, which can either be based on the probability of occurrence of given quantities or on threshold exceedances [6]. As a result, there are a variety of definitions for climate extremes [14,48]. The ETCCDI has developed and recommended 27 core climate indices [12], which have been widely used [2,4,22,48,49] and adopted by the Fifth Assessment Report of Intergovernmental Panel on Climate Change [1]. Seven monthly indices of the recommended 27 climate indices were excluded, and one additional index of hot days (SU35) was included. Hence, a total of 21 indices (Table 2) were therefore calculated with the RClimDex software package [50,51] in the R-project 3.3.2 (Free Software Foundation: Boston, MA, USA), which can automatically check the quality of original daily data.




2.4. Multiple Linear Regression


Multiple linear regression (MLR) is a widely used method for analyzing the correlations of climatic factors with variations in hydrological and ecosystem variables [9,31,33,52,53]. It is primarily utilized for examining the linear correlations between several independent variables and a single dependent variable. In addition, MLR depends on the least squares method, which is used to minimize the sum of squares of differences between actual and predicted values of the dependent variable.



In this study, an MLR was performed to quantify the relative contribution of the climate extremes to interannual variations in the ecosystem variables. The processing steps are mainly modified from Wang et al. [29]. Prior to applying the model, all independent variables and dependent variables were first normalized as follows:


    X i  =    x i  −  x  m i n      x  m a x   −  x  m i n       



(1)




where Xi represents normalized variable; xi represents the value of the detrended sequential data; and xmin and xmax represents the minimum and maximum values of the detrended sequential data, respectively. This processing eliminates the effects of dimension and enhances the signal of interannual variations in the original sequential data. Multiple regression was then performed, where individual normalized ecosystem variables were dependent variables and normalized climate indices were independent variables. The general formula of multiple regression is shown as follows:


   E  I ′  =   ∑   i = 1  n   β i   X i  + ε   



(2)




where EI′ represents individual normalized ecosystem variables; Xi represents normalized predictors of climate indices; βi represents standardized regression coefficients which directly indicate the relative sensitivity of individual climate indices; ε represents the regression constant; and n represents the number of independent variable. In a stepwise multiple regression model, the p-value for an F-test of the change in the sum of squares for error (SSE), determines the removal and addition of the term in the model. Candidate variables from the 21 climate indices were selected for the model based on the 0.1 significance level. However, for an MLR, all of the selected variables were chosen to model the correlation between ecosystem and climate indices. Based on the regression coefficients of the MLR, a relative contribution rate (ηi) of each predictor was expressed as:


    η i  =    |   β i   |      ∑   i = 1  n   |   β i   |      



(3)








2.5. Spatio-Temporal Analyses


All trends in this study were calculated using a linear least square regression method. Climate indices for the entire Hubei Province were area-weighted average from 30 sites within the study area using the Thiessen polygon method [54]. As the main climate factors for ecosystems are not always stable over time [28,29], the temporal evolution of the relative contribution rates of the selected climate indices was analyzed by conducting MLR with moving windows. A 10-year-width moving window is selected after considering the data length and the temporal stability of the contribution rate of drivers. Specifically, a MLR was performed during the periods of 1982–1991, 1983–1992 …, 2006–2015.





3. Results


3.1. Spatial Trends in the Climate Indices at the Site Scale


Spatial variations of the trends in climate extremes for the 52 meteorological stations across Hubei Province are shown in Figure 2. Summer days (SU25) show increasing trends at almost all stations in Hubei Province and its surrounding areas. Spatially, the statistically significant increasing trends mainly vary between 0.3 and 0.5 days year−1 at the 0.05 significance level, except for a few stations in the southwest regions, which have relatively higher elevations. Consequently, the warm-related indices of tropical nights (TR20) and WSDI also exhibit significant increasing trends, mainly in the eastern regions, with the ranges of 0.2–0.4 days year−1 and 0.1–0.4 days year−1, respectively. Significant changes are shown at night, with increases during warm nights (TN90p) and decreases during cool nights (TN10p) at most stations. In contrast, changes during daytime (as expressed by warm days (TX90p) and cool days (TX10p)) are generally not significant at the 0.05 significance level. Trends in these indices at most stations are all consistent with climate warming, which is characterized by increases in warm-related indices and decreases in cold-related indices.



As for the precipitation indices, the number of stations with significant trends at the 0.05 significance level is generally less than that for temperature indices. Based on the spatial patterns of the trends in precipitation extremes for extremely heavy precipitation days (R50), very wet days (R95p) and extremely wet days (R99p), the eastern areas show increasing trends in extreme precipitation while western areas show the opposite. The difference between the western and eastern regions of the study area is also demonstrated by the moderate precipitation days (R10) and consecutive dry days (CDD) indices. This difference might relate to the increases in annual total wet-day precipitation (PRCPTOT) in the east and decreases in PRCPTOT in the west. The decline of wind speed across the globe and China [55,56] is likely the key factor for the differences. As shown in Figure 1, there is a clear gradient in altitudes from the west to the east within the study area. As a result, decreased east wind speed in summer fails to bring moisture to the west of Hubei Province and consequently leads to increased precipitation in the east and decreased precipitation in the west.




3.2. Spatial Patterns of the Ecosystem Variables in Hubei Province


To evaluate the mean state and changes in the ecosystem in Hubei Province, three ecosystem indicators are chosen in this study (Figure 3). The spatial patterns of the mean values of the three ecosystem variables are generally consistent. All mean annual LAI, NDVI, and GPP show high values in the western regions and low values in the central-eastern regions, indicating increases along the latitudes. High values of LAI, NDVI, and GPP in the west range between 2.5–4 m2 m−2, 0.5–0.7 and 16–18 gC m−2 year−1, respectively. There are two possible reasons for this spatial pattern. On the one hand, the Shennongjia National Nature Reserve is located in the west, which has a high density of vegetation. On the other hand, the low ecosystem values may also result from human activities (e.g., cultivation and urbanization). For instance, the lowest values of LAI and NDVI are shown in Wuhan, which is the most urbanized city, and is also the capital city of Hubei Province.



Increases in LAI, NDVI, and GPP are overall significant (p < 0.05) for most pixels during 1982–2015. Slight and insignificant negative trends are only shown in some areas in the southern regions, central-eastern regions, and western regions of the study area for LAI, NDVI, and GPP, respectively. Since this study mainly focuses on the interannual variations in ecosystems, the standard deviations (SDs) of the three ecosystem variables are shown here, which are used to quantify the amount of variation in the temporal series data values. Generally, all three datasets exhibit a clear gradient from the west to the east, with high variabilities in the west and low variabilities in the east.




3.3. Trends in the Climatic and Ecosystem Variables


As a result of climate warming, the warm-related indices all exhibit increasing trends during 1961–2015, including SU25, SU35, TR20, growing season length (GSL), TX90p, TN90p, and warm spell duration indicator (WSDI) (Figure 4). The most significant increasing trend is observed in SU25 at 0.35 days year−1 (p < 0.01) for the period 1961–2015 and 0.65 days year−1 (p < 0.01) for the period 1982–2015, followed by TR20, GSL, and WSDI. This means that summer days have increased by approximately 22 days for the past three decades. In addition, increasing trends in SU25, SU35, TR20, GSL, TX90p, TN90p, and WSDI for the period 1982–2015 are revealed at rates of 0.65 days year−1 (p < 0.01), 0.34 days year−1 (p < 0.01), 0.34 days year−1 (p < 0.01), 0.37 days year−1, 0.24 days year−1, 0.2 days year−1 and 0.41 days year−1 (p < 0.01), respectively, which are much higher than trends for 1961–2015. In contrast, the cold-related indices of frost days (FD0) and ice days (ID0) exhibit clear downtrends during 1961–2015 of −0.35 days year−1 (p < 0.01) and −0.03 days year−1 (p < 0.1), respectively. It is worth mentioning that although ID0 has been low since the 1980s, it shows an extremely high value in 2008. This extreme cold event corresponds well with the snow disaster in the winter of 2008, which has also been specially investigated before [33]. This indicates that the results and methods for extracting the climate extremes in this study are reliable.



There are generally no significant trends for all of the precipitation indices across Hubei Province during the past five decades (Figure 4), except for a significant downtrend in consecutive wet days (CWD) at a rate of −0.02 days year−1 (p < 0.1). However, trends in eight out of the nine precipitation indices during 1982–2015 are larger than those during 1961–2015. During 1982–2015, relatively remarkable trends are shown for R10, R95p, and PRCPTOT at −0.11 days year−1, −1.23 mm year−1, and −3.68 mm year−1, respectively. These results also clearly capture the extreme precipitation-induced flood in 1998, which is seen in the time series for R50, R95p, and R99p.



All three ecosystem indicators (i.e., LAI, NDVI, and GPP) for the whole study area show remarkable increases during 1982–2015 of 7.8 × 10−3 m2 m−2 year−1 (p < 0.01), 1.9 × 10−3 year−1 (p < 0.01) and 3.7 gC m−2 year−2 (p < 0.01), respectively (Figure 4). The trend in LAI in Hubei Province is close to the LAI trend in China (7 × 10−3 m2 m−2 year−1) for the period 1982–2009 [57]. Based on five process-based ecosystem models, the greening trends of vegetation in China were mainly attributed to the rising atmospheric CO2 concentration and nitrogen deposition [57]. Previous studies also indicated that the impact of climate change on vegetation has large uncertainties in models [9], which emphasizes the importance to detect the impact of climate extremes on ecosystems using Earth observation data [7]. Temporal variations in vegetation indices are made up of trends and interannual variations. Interannual variations in ecosystems are mainly controlled by climate variability, which is supported by studies at the global scale [31,32] and for Hubei Province [34,58]. Since this study mainly focuses on interannual variations in vegetation, all the linear trends were removed before the regression analyses.




3.4. Relative Sensitivity of the Ecosystem Variables to All 21 Climate Indices at the Site Scale


Since not all these 21 climate indices were sensitive for the ecosystem variables, stepwise multiple regressions (see Section 2.4) were performed between the three ecosystem variables and all the 21 climate indices for the 30 stations within the study area in order to derive sensitive climate variables for vegetation in Hubei Province. The number of times that each climate index was chosen as a candidate variable in the stepwise multiple regressions for the three ecosystems and for all stations was regarded as the relative ecological importance of the corresponding climate index.



As shown in Table 3, the LAI, NDVI, and GPP were the most sensitive to SU35, SU25, and SU25, respectively, at sites scales. For the sum among the three ecosystem variables, SU25 was chosen 45 times during the stepwise multiple regressions, which ranked first among all of the climate indices. This means that the ecosystem variables in Hubei Province were mostly correlated with the SU25 index, followed by FD0 and WSDI temperature indices. Among the nine precipitation indices, simple precipitation intensity index (SDII), R50 and CDD had the greatest sensitivity for the ecosystem variables in Hubei Province. Consequently, these six climate indices were chosen for further study (i.e., the three temperature indices and the three precipitation indices). The selected indices covered hot days, cold days, extreme precipitation, and dry days, which frequently occurred in the study area and supposedly have significant impacts on interannual variations in the local ecosystem.





4. Discussion


4.1. Temporal Climatic Variations and Possible Connections with Atmospheric and Oceanic Circulations


Hubei Province has experienced a significant increase in air temperature of 0.017 °C year−1 (p < 0.01) during 1961–2015, which is slightly less than the increasing trend in global land surface air temperature of 0.02 °C year−1 (p < 0.01) for the same period [59]. As a result of this significant warming, all warm-related indices present increasing trends, especially for SU25 (0.65 days year−1 with p < 0.01) during 1982–2015. Increasing trends in warm-related indices have also been documented in previous studies that focused on Northwestern China [60], the Yangtze River Basin [17], and mainland China [4,14], which are in line with the global warming. However, increasing trends for many indices in the study area are higher than those for the whole China. For instance, WSDI increases at a rate of 0.22 days year−1 in Hubei Province, much higher than the 0.075 days year−1 trend for the whole of China for the same period 1961–2015. Owing to the diverse climate, terrains and land cover changes within China, the different trends in temperature indices between the whole China and subregions are generally understandable. Based on multiple datasets from models, satellite images and thermal cameras, Cuxart et al. [61] implied that variability of the air temperature is related to spatial details and scales. In details, the rapid urbanization and land cover changes in the Yangtze River Basin and Central China (e.g., Wuhan) likely lead to a prominent increase in temperature because of surface urban heat islands [62] and changes in surface energy budget [63]. In addition, the trends of all the seven warm-related indices for the period 1982–2015 are much higher than the trends for 1961–2015 (Figure 4), indicating accelerated increases in the temperature extremes and risks in the study area. Based on percentile temperature indices, Fang et al. [14] also found that trends of warm and hot days increased more rapidly after the early 1980s than before the 1980s in most regions in China. Moreover, previous studies demonstrated that indices for nighttime temperature changed much faster than those for the daytime temperature based on global studies [2,18], which was also valid for Hubei Province. Many significant trends at the stations are seen in indices for nighttime temperature (i.e., TN90p and TN10p) but are scarce in daytime temperature indices (i.e., TX90p and TX10p).



As for the precipitation indices, there are no significant trends at the 0.1 significance level for Hubei Province as a whole, except for CWD. This result is consistent with the investigation from neighboring Province (i.e., Hunan Province), where the trends in precipitation extremes at most sites are also insignificant [18]. In addition, our results indicate accelerated changes in precipitation indices, which slightly decrease for extreme precipitation and increase for CDD if comparing trends between 1961–2015 and 1982–2015 (Figure 4). Global warming is expected to increase the moisture holding capacity of the atmosphere, and consequently increase the potential risks from extreme rainfall. In fact, changes in extreme rainfall have spatial variations that extreme rainfall increases typically in coastal regions and might decrease in inland regions (e.g., Hubei Province) [15]. This difference is likely caused by the well-recognized decline in wind speed [55,56]. Nevertheless, the extreme precipitation is relatively high in the study area and accounts for up to 40% of the total annual precipitation in many years, which is expressed as the ratio between R95p and PRCPTOT. Furthermore, based on the CMIP5 models, Pan et al. [64] proposed that all categories of precipitation are projected to increase in frequency over the coming decades.



The temporal variations in these indices are likely influenced by large-scale oceanic and atmospheric circulation oscillations [33]. Here, correlation analyses between the climate indices and the three oceanic and atmospheric indices (i.e., MEI, PDO and AMO) (Table 4) are presented, which follow Shi et al. [4]. Wyatt et al. [65] revealed that the AMO plays an important role in global climate variability as a dominant multidecadal mode of the global climate system. Seven out of 21 indices show significant positive correlations with the AMO index, suggesting that the climate in the study area is most sensitive to the AMO index among the three oceanic and atmospheric climate indices. The warm anomalies of AMO result in extreme warm condition and extreme precipitation in the study area, which is seen from the seven indices in Table 4. Using a large number of temperature-sensitive proxy records, Wang et al. [66] revealed the strong connection between the AMO index and temperature variability in China. The linkage between sea surface temperature anomalies in the North Atlantic and temperature variability over East Asia likely result from two channels, including the mid-latitude westerly anomalies and the propagation of Rossby waves related to the AMO [4,66]. Throughout the world, the effects of ENSO variability on temperature extremes have regional differences, which are clearly documented by Kenyon et al. [67]. For Hubei Province, significant correlations (p < 0.1) between the four temperature-related indices and MEI are also found. TR20, FD0, and SU35 are positively correlated with MEI, while TX10p and MEI are negatively correlated. The impacts of PDO on climate variability in the study area are very similar to the impacts of ENSO on climate variability. However, almost all the nine precipitation indices are not significantly correlated with the three oceanic and atmospheric climate indices (Table 4). Shi et al. [4] did not find the significant correlations between CDD and CWD precipitation indices and oceanic and the atmospheric climate indices in China and its different regions during 1961–2015, which is in agreement with our result.




4.2. Impacts of Climate Indices on the Ecosystem


To determine the relative sensitivities of the ecosystem indicators to the climate indices, stepwise multiple linear regressions between the 21 climate indices and the three ecosystem variables are carried out at meteorological scales in the study area (see Section 3.4). Generally, the ecosystem variables are more sensitive to temperature indices than precipitation indices (Table 3). Lin et al. [34] also found that mean annual air temperature exerts a stronger effect on the ecosystem than annual total precipitation in Hubei Province over the past decades based on correlation analyses between climatic parameters and ecological indicators. With a new GPP data developed by a machine learning algorithm, the results from Yao et al. [35] reveal that the GPP in Hubei Province is more sensitive to temperature than precipitation and radiation over 1982–2015. This could be explained by the abundant annual precipitation in the study area that causes the regions to not be water deficient for most years [38].



The relationships between the three ecosystem variables and the six most sensitive climate factors were built using MLR to further quantify the impacts of the selected indices on interannual variations in the ecosystem for Hubei Province as a whole (Figure 5). To show the spatial sensitivity of the ecosystem to the six indices, spatial patterns of the ecological differences between years with the five highest values and years with the five lowest values for each climate index are calculated (Figure 6). The result of MLR is consistent between NDVI and GPP; both ecosystem variables are most vulnerable to FD0 and R50. In addition, WSDI has the most negative correlations with LAI. Figure 6 further indicates that FD0 and CDD exert the most negative impacts on most regions. In summary, the results reveal the negative effects of FD0, WSDI, R50, and CDD on the ecosystem in Hubei Province integrally or regionally. Based on tree rings and land surface simulations for the 20th century, Rammig et al. [68] also found that hot extremes and dry extremes can trigger exceptional changes in growth or mortality rates of vegetation, which often result in reductions in ecosystem productivity. Although the negative impacts caused by hot extremes and dry extremes on vegetation indices and ecosystem productivity are frequently diagnosed and studied for many places around the world [23,25,69], the potential roles of cold extremes and extreme precipitation are reported less. In addition, our statistical analyses reveal that FD0 and R50 could also reduce ecosystem productivity in Hubei Province. The FD0 in winter of 2008 resulted in an abrupt decrease in NPP in forest and grass ecosystems in Central China [33]. The FD0 could have an influence on the timing of the leaf-out, which consequently causes damage to ecosystems [70]. Many studies demonstrated that extreme precipitation and floods, experienced in the Central China during the past decades, have led to huge disasters and socioeconomic damages [28,71].



According to the standardized regression coefficients from MLR, relative contribution rates of the six climate indices to the ecosystem variables were calculated. In addition, we performed MLR with a 10-years-width moving windows, following Wang et al. [29], in order to clarify the temporal evolution of the relative contributions from the selected indices on the ecosystem variables. The positive impacts of SU25 and SDII on all the three ecosystem variables are clearly seen for Hubei Province as a whole and for most areas (Figure 5 and Figure 6). In addition, SU25 solely explains 27.8% and 32.3% of the variations in LAI and GPP, respectively, while SDII accounts for 41.1% of the variations in NDVI among the six climate indices (Table 5). This could be explained that longer SU25 may result in longer growing season [72], and eventually enhance vegetation growth and ecosystem productivity [73]. However, the relative contribution rates of climate indices to interannual variations in the ecosystem are temporally unstable and vary considerably (Figure 7). SU25, SDII, and R50 account for the highest relative contribution rates for most years. In addition, the relative contribution rate of SU25 for the three ecosystem variables during the past decade is higher than that during the previous period. In light of Equation (2), we propose that the positive impact of SU25 on the ecosystem will be more remarkable in the future due to the rise in both contribution rate and summer days over time. R50, R95p and R99p have increased during the past decades (Figure 2) and are expected to increase in frequency over the coming decades [64]. As a result, special attention should also be given to the western regions of Hubei Province, where high rapid urbanization makes the region more vulnerable to future precipitation extremes.




4.3. Uncertainties and Perspectives


Uncertainties may still exist when analyzing the relation between ecosystems and climate extremes, as well as the relation between climate extremes and large-scale oceanic and atmospheric circulation oscillations. Since the climate datasets and the method to extract the climate extremes are robust, the uncertainties may firstly result from the ecosystem variables. For example, although some improvements have been made from an increase in eddy flux sites and updated climate data, large uncertainties still exist in GPP data [35]. Secondly, different resolutions between ground observation and satellite-derived data might introduce uncertainties in the correlation analysis between climate and vegetation indices at the site scale. Simó et al. [74] indicated that there is a bias between in situ data and satellite-derived pixel average in a heterogeneous area. Thirdly, other factors may also influence ecosystems, such as CO2 fertilization effects [9], nitrogen deposition and interference from human activities (e.g., land cover change) [75]. However, these factors are more likely to cause long-term trends in ecosystem variables, which are beyond the scope of this study. In addition, the removal of linear trend and the performance of MLR with a temporal moving window can further eliminate the effects from these long-term factors and enhance the climate-induced interannual variations in the ecosystem variables to some extent. Nevertheless, the ecological response to climate extremes at larger spatial scales, combined with other factors, should be comprehensively investigated in the future studies. Finally, we have also found several discrepancies between climate extremes and atmospheric and oceanic climate indices at annual time scale. For instance, the precipitation extremes in 1998 in the study area, which are shown by R50, R95p, and R99p extreme precipitation indices, correspond to the high values of MEI and PDO in 1997. In fact, comprehensive analyses between consecutive days with precipitation extremes in China and oceanic and atmospheric climate indices have also not found expected connections [4]. This possibly indicates a monthly delayed responses of regional climate extremes to large-scale oceanic and atmospheric circulation oscillations (e.g., MEI), which could not be captured by the yearly data. We leave this delayed response of climate extremes for a further study.





5. Conclusions


In this study, we evaluated the variabilities of climate extremes and their impacts on vegetation variabilities in Hubei Province. Up to 21 climate indices were calculated using daily temperature and precipitation meteorological data during 1961–2015. Remarkable increasing trends in all of the warm-related indices were presented. Spatially, extreme precipitation showed increasing trends in the eastern regions and downtrends in the western regions. Accelerated changes in most indices were diagnosed when we compared trends between the period of 1982–2015 and 1961–2015. In addition, correlation analyses between climate indices and oceanic and atmospheric climate indices demonstrated that the climate in Hubei Province was more sensitive to the AMO index than ENSO and PDO. The warm anomalies of AMO lead to extreme warm conditions and extreme precipitation in the study area.



Systematic statistical analyses were applied to quantifying the sensitivity of the ecosystem to climate indices. Based on stepwise linear regressions, we found three precipitation indices and three temperature indices (i.e., SU25, FD0, WSDI, SDII, R50, and CDD), which were mostly correlated with the three ecosystem variables at the site scale. Among these six indices, the negative impacts caused by FD0, WSDI, R50, and CDD on the ecosystem were clearly seen in Hubei Province integrally or regionally. Furthermore, the positive impact of SU25 on the ecosystem will be more remarkable in the future due to the increase in both contribution rate and summer days over time. Since extreme precipitation accounts for a large amount of yearly precipitation and is likely to increase over the coming decades, the ecosystem in Hubei might be more vulnerable to future precipitation extremes.



In sum, this study suggests that vegetation could benefit from rapid increases in SU25 in the future. And we propose that more concerns should be given to FD0, WSDI, R50, and CDD because of the mainly negative impacts on the ecosystem in the study area. Our study emphasizes the importance of comprehensively quantifying different climate index impacts on regional terrestrial ecosystems. These results may have policy implications for the adaptations to extreme climate events.
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Figure 1. Location map of Hubei Province with elevation. The dark triangles denote the 52 meteorological stations used in this study. 
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Figure 2. Temporal trends in temperature and precipitation indices from 1961 to 2015 at the 52 meteorological stations distributed across Hubei Province. The colored dots represent the magnitude of the trends, and the black outlines indicate the significance at the p < 0.05 level. 
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Figure 3. Spatial distribution of mean values (a–c), trends (d–f) and SDs (g–i) for LAI, NDVI, and GPP during 1982–2015. Black points indicate pixels where the trends are significant at the 0.05 significance level in panels (d–f). 
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Figure 4. The temporal variations in temperature (red curves), precipitation (blue curves), and ecosystem (green curves) indicators in Hubei Province. In the legend, the letter s refers to the regression coefficient, and the letter r refers to the correlation coefficient. For the temperature and precipitation indices, the regression coefficient on the left and right are for the periods 1961–2015 and 1982–2015, respectively. Significance levels are denoted as follows: * p < 0.1 and ** p < 0.01. 
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Figure 5. Standardized regression coefficients for the six climate indices in Hubei Province. The error bar represents the standard error for the corresponding regression coefficient in multiple linear regressions. 
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Figure 6. Spatial patterns of the ecological response to changes in the six climate indices. Years with the five highest values (FH) and the five lowest values (FL) in each climate index are chosen as the most significant and insignificant impact years for that climate index, respectively. The impacts are expressed as differences in the ecosystem variables between the selected years for the FH and FL. Notice that linear trends between 1982 and 2015 were removed in each pixel before calculating the differences. 
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Figure 7. Temporal evolution of the relative contribution rate of the six climate indices to (a) LAI, (b) NDVI, and (c) GPP, respectively. 
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Table 1. Summary of the data used in this study.
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	Data
	Temporal Coverage
	Temporal Resolution
	Spatial Coverage
	Spatial Resolution
	Source





	TX/TN/Ta
	1961–2015
	Daily
	Whole China
	52 sites
	CMA



	P
	1961–2015
	Daily
	Whole China
	52 sites
	CMA



	MEI/PDO/AMO
	1961–2015
	Monthly
	-
	-
	NOAA



	LAI
	1982–2015
	8 days/half month
	Globe
	8 km
	GLOBMAP



	NDVI
	1982–2015
	15 days
	Globe
	1/12°
	GIMMS



	GPP
	1982–2015
	Monthly
	Whole China
	0.1°
	Yao et al. [35]
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Table 2. The definitions of the 21 climate indices used in this study.






Table 2. The definitions of the 21 climate indices used in this study.





	ID
	Indicators
	Definitions
	Units





	FD0
	Frost days
	Annual count when TN < 0 °C
	Days



	SU25
	Summer days
	Annual count when TX > 25 °C
	Days



	SU35
	Hot days
	Annual count when TX > 35 °C
	Days



	ID0
	Ice days
	Annual count when TX < 0 °C
	Days



	TR20
	Tropical nights
	Annual count when TN > 20 °C
	Days



	GSL
	Growing season length
	Annual count between first span of at least 6 days with a daily mean temperature TG > 5 °C and first span after 1 July of 6 days with a TG < 5 °C
	Days



	TN10p
	Cool nights
	Percentage of days when TN < 10th percentile
	Days



	TX10p
	Cool days
	Percentage of days when TX < 10th percentile
	Days



	TN90p
	Warm nights
	Percentage of days when TN > 90th percentile
	Days



	TX90p
	Warm days
	Percentage of days when TX > 90th percentile
	Days



	WSDI
	Warm spell duration indicator
	Annual count of days with at least 6 consecutive days when TX > 90th percentile
	Days



	CSDI
	Cold spell duration indicator
	Annual count of days with at least 6 consecutive days when TN < 10th percentile
	Days



	SDII
	Simple precipitation intensity index
	Annual total precipitation divided by the number of wet days (defined as daily p ≥ 1.0 mm) in the year
	mm days−1



	R10
	Moderate precipitation days
	Annual count of days when daily p ≥ 10 mm
	Days



	R20
	Heavy precipitation days
	Annual count of days when daily p ≥ 20 mm
	Days



	R50
	Extremely heavy precipitation days
	Annual count of days when daily p ≥ 50 mm
	Days



	CDD
	Consecutive dry days
	Maximum number of consecutive days with a daily p < 1 mm
	Days



	CWD
	Consecutive wet days
	Maximum number of consecutive days with a daily p ≥ 1 mm
	Days



	R95p
	Very wet days
	Annual total p when daily p > 95th percentile
	mm



	R99p
	Extremely wet days
	Annual total p when daily p > 99th percentile
	mm



	PRCPTOT
	Annual total wet-day precipitation
	Annual total p in wet days (daily p ≥ 1 mm)
	mm
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Table 3. The number of times that the corresponding climate index was chosen as the candidate variable when the stepwise linear regression was performed between the corresponding ecosystem variables and the 21 climate indices at 30 meteorological stations within the study area.






Table 3. The number of times that the corresponding climate index was chosen as the candidate variable when the stepwise linear regression was performed between the corresponding ecosystem variables and the 21 climate indices at 30 meteorological stations within the study area.





	Indices
	LAI
	NDVI
	GPP
	Sum





	SU25 *
	7
	14
	24
	45



	ID0
	3
	3
	1
	7



	TR20
	6
	0
	4
	10



	FD0 *
	5
	3
	11
	19



	SU35
	8
	1
	5
	14



	GSL
	4
	3
	4
	11



	TN10p
	1
	3
	5
	9



	TX10p
	2
	1
	3
	6



	TN90p
	1
	4
	5
	10



	TX90p
	3
	0
	4
	7



	WSDI *
	2
	2
	11
	15



	CSDI
	3
	2
	2
	7



	SDII *
	4
	5
	13
	22



	R10
	2
	3
	3
	8



	R20
	4
	0
	6
	10



	R50 *
	0
	6
	7
	13



	CDD *
	5
	2
	4
	11



	CWD
	1
	5
	2
	8



	R95p
	3
	1
	2
	6



	R99p
	4
	4
	2
	10



	PRCPTOT
	2
	1
	4
	7







* The three most sensitive temperature indices and the three most sensitive precipitation indices are marked. 
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Table 4. Correlation coefficients between climatic indicators for the whole study area and circulation modes of climate variability during 1961–2015.
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	Indices
	MEI
	PDO
	AMO





	SU25
	0.158
	−0.054
	0.372 **



	ID0
	−0.061
	−0.148
	−0.040



	TR20
	−0.259 *
	−0.247 *
	0.408 **



	FD0
	−0.252 *
	−0.085
	−0.012



	SU35
	−0.232 *
	−0.356 **
	0.339 *



	GSL
	0.055
	0.008
	0.060



	TN10p
	−0.190
	−0.071
	−0.108



	TX10p
	0.242 *
	0.231 *
	−0.040



	TN90p
	−0.046
	−0.126
	0.265 *



	TX90p
	0.120
	0.052
	0.067



	WSDI
	0.078
	−0.066
	0.529 **



	CSDI
	0.072
	−0.041
	−0.184



	SDII
	0.118
	0.118
	0.304



	R10
	0.147
	0.190
	0.044



	R20
	0.118
	0.141
	0.168



	R50
	0.072
	0.099
	0.220



	CDD
	0.039
	0.009
	−0.091



	CWD
	−0.046
	0.111
	−0.096



	R95p
	0.067
	0.084
	0.276 *



	R99p
	0.017
	−0.010
	0.310 *



	PRCPTOT
	0.111
	0.144
	0.147







Linear trends in all indices were removed before correlation analyses. Significance levels are noted by the following: * p < 0.1 and ** p < 0.01.
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Table 5. Relative contribution rates (%) of the six climate indices to ecosystem variables in Hubei Province.






Table 5. Relative contribution rates (%) of the six climate indices to ecosystem variables in Hubei Province.





	Variables
	SU25
	FD0
	WSDI
	SDII
	R50
	CDD





	LAI
	27.8 *
	22.1
	16.6
	17.5
	6.4
	9.6



	NDVI
	12.9
	11.2
	3.3
	41.1 *
	29.4
	2.1



	GPP
	32.3 *
	13.4
	18.7
	17.2
	10
	8.4







* The maximum values of the contribution rate for each ecosystem variable are marked.














© 2018 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 (http://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
1995 2000 2005 2010 2015
Year

__(b)Novi

2010
1995 2000 2005 2010 2015
Ending year of the moving windows
—— sU25 -~~~ FDO — WSDI --- SDIl —— RS0 --- CDD






media/file4.png
2 Trends in SU25

. e, L
112 114 116

& Trends in GSL

A ' L
112 114 Ti6

“ Trends in WSDI

H- 1 . i i .I
108 110 112 114 116
3 5 . .
13l ) “ Trends in SDII
327
-
Iy
-
0 = 1
; -
29r ™ - o 1
108 110 112 114 116
:‘J—‘} L] T
L - .
13t Trends in RS0
32}
L
r
-
30 =
291 . "
108 110 112 114 116
34 . '
° L] M
33t Trends in CDD
327
-
Iy
-
0F - 1
I -
291 ™ . . 1
i i Il i l
108 110 112 114 116

i i i i i i i i i i i i i i i i [ i i i i i i i i i i i i i i i
' ' v '
'
b

* Trends in SU35

} ' 1
112 114 116

~ Trends in TX90p

I ' 1
112 114 116

~ Trends in TX10p

) . 1
112 114

* Trends in R10

L . 1 1
112 114 116

“ Trends in R95p

1 . 1
112 114 Ti6

* Trends in CWD

'} A 1 1 L A 1 L L 'l 1 L A A L 'l L A L 'l A L 1 '} A 1 '} L A 1 'l A
= = W f f
o =
=N
(,1eaf sfep)

-0.2

<04

=02

0.1

=
(e ww)

<02

“ Trends in TR20

A . 1
112 114

116

© Trends in CSDI

116

Jead sfep)

022

<04

=
-

o

=)
(Jeaf sfep)

<2

=2

—

[
{eald ww)





nav.xhtml


  remotesensing-10-00477


  
    		
      remotesensing-10-00477
    


  




  





media/file2.png
34°N

1018°E

11(IJ°E

11l2°E

33°N-

32°N-

31°N-

30°N-

29°N=

Elevation (m)

B - 10
B 10-50
B 50 - 100
[ 100 - 200
[]200-500
[ 500-800
[ 800 - 1200
[ 1200 - 1800
B 1800 - 2871






media/file5.jpg





media/file3.jpg





media/file1.jpg
N

.

3N

N

[
[& Wetsorclogical Stations_|






media/file7.jpg





media/file10.png
= -
= [y - n

Standardized regression coefficients
o
o

| I

mm LAl
m= NDVI
mm GPP

|

SU25

FDO

WSDI sDIl
Climate indices

R50

CDD






media/file12.png
Impacts of R50 Impacts of SDII Impacts of WSDI Impacts of FDO Impacts of SU25

Impacts of CDD

Differences in LAI

108° 110° 12° 114° 116°

1[]8" 11[]" 112“ 114° 116°

1[]8" 11[]“ 112“ 114° 116°

108° 110° 1z 114° 16°

108° 110“ 112° 114° 116°

108° 110° 112° 114° 116°

04 02 0 02 04
(m? m?)

Differences in NDVI

108° 110° 112° 114° 116°

29“ 'l L
108° 110“ 112° 114° 116°

29“ L 1
108° 110" 112° 114° 116°

33°

32°¢

31°

30°

29°

9 4
108° 11[)“ 112° 114° 116°

9 L
108° 11[!“ 112° 114° 116°

108° 110° 112° 114° 116°

BN 2 T
-0.04 -0.02 0 0.02 0.04

Differences in GPP

08° 110° 112° 114° 116°

08° 110° 112° 14“ 116°

11{]“ 112° 114° 111:1‘1

%

108° 11l]° 112" 114° 11;6“

108° 110° 112" 114° 115"

29° r \ . el .
108° 110° 112° 114° 116°
IS = s
-160 -80 0 80 160

(gC m?)





media/file9.jpg
Standardized regression coefficients

05k

15

= LAl
== NDVI
== GPP

i

SU25

FDO

WSDI Soil
Climate indices

!
R50 CDD






media/file0.png





media/file14.png
S 30%F

Contributi

50%

d

IS
o
=S

30%

10%
0%

Contribution rate

2000 2005
Year

. (b).NDVI

20% |

»

2000 2005 2010 2015
Ending year of the moving windows

—— 8U25 --- FDO — WsDI --- 8DIIL — R50 --- CDD |






media/file8.png
SDIl (mm days™) FDO (days) WSDI (days) GSL (days) j‘:U25 (days)i
) co
(] =

R50 (days)

CDD (days)

R
L =]
[ T e |

[ B S o T &
oo 3383 caB83

= = = =
e O M

s=0.35"" r=0.55

s=022"* r=0.50 ' '
s=0.41" r=0.52] -

$=6.4x102 r=0.10

~ $=-0.019 r=-0.19

5=-0.6x102 r=-1.6x103
s=0.08 r=0.16

1980  19%0 2000 2010

Year

1970

s=7.8x10*" r=0.55

1985 1990 1995 2000 2005 2010 2015
Year

o B % R
o o

SU35 (days)
=

=

R10 (days) IDO (days) TX10p (days) TX90p (days)
o

R95p (mm) _
o 8

—

CWD (days)

-
)

s=0.03 r=0.08

$=0.34" r=0.48

s=0.06 r=0.11

s=0.24 r=0

s=0.06 r=0.08

s=0.08 07

s=-7.2%10"° r=-0.0

s=-0.03 r=-013

8

s=0.59 r=0.10  s5=-1.23 r=-0.14

0 r :
s=-0.02" r=-0.32

$=-0.03" r=-0.32

1970 1980 1990 2000 2010

Year

s=1.9%10°"" r=0.78

[ =y 2 4 4 L L
1985 1990 1995 2000 2005 2010 2015

Year

110

TR20 (days)

TN90p (days)

s=0.16" r=0.31

s=0.20

TN10p (days)

CSDI (days)

R20 (days)

s=-0.03 r=-0.12

R99p (mm)

2
=]

PRCPTOT (mm)
S 3
(= =

s=-3.68 r=-0.23

s=-0.28 r=-0.03

&n
=
=

1990
Year

1970 1980 2000 2010

s=3.7"" r=0.58 ]

1985 1990 1995 2000 2005 2010 2015
Year





media/file11.jpg





media/file6.png
33"

az°

-

a3

3z

a1°

. (a) Mean annual LAl

os® 110° 112° 114° 116°
L (b) Mean annual NDVI |
0g8*® 110° 112° 114° 116°
L (c) Mean annual GPP |
oa® 110° 112° 114° 116°

0.8

0.6

04

02

(d) Trend in LAI

112° 1147

33+

31}

K1 S

{e) Trend in NDVI

3

"
0 3
-o_DEE
-0.04
4
2

-y
’ %
e
4

(zse0h 2w OB)

108° 110° 112° 114° 116°
(h) SD in NDVI ]

1120 114°

(i) SD in GPP

A
(e0kx)

&

g

(-teef Lw Ob)

& 3 8





