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Abstract

:

Drought is one of the most severe natural disasters. However, many of its characteristic variables have complex nonlinear relationships. Therefore, it is difficult to construct effective drought assessment models. In this study, we analyzed regional drought characteristics in China to identify their relationship with changes in meridional and zonal temperature gradients. Drought duration and severity were extracted according to standardized precipitation evapotranspiration index (SPEI) drought grades. Trends in drought duration and severity were detected by the Mann-Kendall test for the period of 1979–2019; they showed that both parameters had been steadily increasing during that time. Nevertheless, the increasing trend in drought severity was particularly significant for northwest and southwest China. A composite analysis confirmed the relationships between drought characteristics and temperature gradients. The northwest areas were relatively less affected by temperature gradients, as they are landlocked, remote from the ocean, and only slightly influenced by the land–ocean thermal contrast (LOC) and the meridional temperature gradient (MTG). The impacts of LOC and MTG on drought duration and severity were positive in the southwest region of China but negative in the northeast. As there was a strong correlation between drought duration and severity, we constructed a 2D copula function model of these parameters. The Gaussian, HuslerReiss, and Frank copula functions were the most appropriate distributions for the northeast, northwest, and southwest regions, respectively. As drought processes are highly complex, the present study explored the internal connections between drought duration and severity and their responses to meteorological conditions. In this manner, an accurate method of predicting future drought events was developed.
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1. Introduction


Drought has devastating impacts and may be complex, variable, and highly destructive to human-environment systems. Drought occurs in nearly all global climate regions, but it differs in each region [1,2]. It has a significant effect on water resources [3], agricultural production [4], economic activity [5], and ecosystems [6,7]. There have been severe, large-scale droughts on all continents except Antarctica [8,9]. Over the past two centuries, at least 40 droughts of long duration occurred in western Canada [10]. Europe has been affected by numerous major drought events over the past 30 years, especially in 1976, 1989, 1991, and 2003 [11]. Severe, extreme droughts occurred in the late 1990s in many parts of China. Persistent, severe, multiyear droughts have frequently occurred in northern, northeastern, northwestern, and southwestern China [12]. Hence, drought events have attracted considerable research attention in recent decades [13,14]. The Fifth IPCC Assessment Report stated that the global surface temperature rose by 0.85 °C (0.65–1.06 °C) between 1880 and 2012 [15]. As global surface temperatures continue to rise, the risk of drought will increase as well [16,17,18,19,20]. Recent research has focused mainly on the causes, intensity, frequency, impact, and countermeasures of droughts. To predict recurrences, quantitative analyses of the drought index (severity and duration) have been conducted using probability models [21]. However, the accurate evaluation of drought onset, ending, and intensity remains a major issue.



The causes of drought are highly complex. Thus, it is difficult to establish and quantify drought event indicators [22]. Drought indices are quantified using precipitation, evapotranspiration, soil moisture, streamflow, and groundwater level [1]. Multiple time-scale drought indicators, such as the effective drought index (EDI) [23], the standardized precipitation index (SPI) [24], and the standardized precipitation evapotranspiration index (SPEI) [25], have been developed. Precipitation is an important factors in drought monitoring, and its distribution pattern has been altered by climate change. China is shifting towards decreasing precipitation [26]. Therefore, drought may be exacerbated in China. For these reasons, it is necessary to elucidate the dynamic changes that occur in the climate system. Several studies have implemented large-scale temperature indices to explain the climate variability resulting from the changes in radiative force associated with increasing greenhouse gas (GHG) levels [27]. The equator-to-pole meridional temperature gradient (MTG) and the land-ocean temperature contrast (LOC) could help delineate changes in temperature gradients. The former is related to the Hadley cell and the westerlies [28], while the latter is associated with eddy strength and quasi-geostrophic flow at mid/high latitudes [29]. In recent years, several researchers have indicated that relative differences between sea and land temperature contribute to atmospheric circulation and climate anomalies [30].



Unlike the effects of other natural disasters such as earthquakes, floods, and winds, the impact of drought is usually significant but also difficult to characterize; it may have varying degrees of intensity. Hence, it is difficult to identify the start and end points of drought events [31]. To date, there is no comprehensive academic definition for drought [32]. Nevertheless, drought severity and duration have attracted widespread attention. They are considered the main parameters for estimating other drought characteristics such as intensity, and are critical metrics for real-time, long-term drought management [33,34]. Accurate understanding and analysis of drought severity and duration are essential for drought monitoring and risk/hazard assessment. Prior research was simplified by assuming that drought severity and duration were random, independent variables. However, Vicente-Serrano et al. [25] empirically demonstrated that this assumption is unreasonable. In fact, several characteristic drought variables are not independent and form complex nonlinear relationships.



As there are mutual dependencies among various drought parameters, separate analyses of drought duration and severity cannot reveal the significant correlations between them. Rather than using traditional univariate frequency analysis in drought assessment, a more effective approach towards describing drought characteristics is to determine the joint distribution of drought variables. Shiau and Shen [35], Bonaccorso [36], González and Valdés [37], Salas [38], and Cancelliere and Salas [39] proposed different methods to investigate the joint distribution of drought duration and severity/intensity. The multivariate distribution, known as the copula function, connects multiple variables conforming to any marginal distribution, obtains a joint distribution function, and describes the correlations among the variables. In this manner, the limitations of the aforementioned multivariate model are overcome [40]. The copula function is versatile and has been widely used in hydrological drought analysis [41]. Shiau [42] first applied the copula function to the analysis of meteorological drought events.



China is severely affected by drought. Disaster mitigation after drought events requires manpower, materials, and financial resources, as well as systematic and coordinated management strategies. Under climate change, hydrometeorological phenomena such as drought are substantially altered. In the present study, we used the copula method to explore the correlations among internal drought characteristics, the relationship between the east–west and north–south temperature gradients in the northern hemisphere, and the occurrence of drought in China. Drought magnitude and occurrence may be predicted based on the correlations among drought characteristics and meteorological conditions. The following questions were addressed in this study: (1) What are the key drivers of long-term changes in the characteristics of drought in China? (2) What are the associations between the drought characteristics and the temperature gradients in China? and (3) What are the connections between the temperature gradient patterns and regional drought in China? The present study also proposed copula-based drought monitoring and assessment approaches that help clarify the potential impact of climate systems on the extreme drought events across China. Figure 1 shows the research framework for this study.




2. Materials and Methods


2.1. Study Area and Data


The datasets were provided by the National Oceanic and Atmospheric Administration (NOAA) (https://psl.noaa.gov/data/gridded/index.html, accessed on 17 August 2021). The monthly land surface temperatures were acquired from GHCN_CAMS Gridded 2 m Temperature (Land) dataset at 0.5° × 0.5° resolution. The monthly sea surface temperatures were obtained from the NOAA Extended Reconstructed Sea Surface Temperature (SST) V5 dataset at 2° × 2° resolution. Daily precipitation and temperature data comprised parts of the product suite generated by the climate prediction center (CPC) Unified Precipitation Project that is currently underway at NOAA CPC. All data used 0.5° latitude × 0.5° longitude as a unit. The datasets used in this study covered the period from 1979 to 2019. The composite meridional wind anomalies from the National Centers for Environmental Prediction/National Center for Atmospheric Research (NCEP/NCAR) re-analysis were provided by the NOAA.



The present study focused on the links between the east–west and north–south temperature gradients in the northern hemisphere and the regional droughts in China. As a result, the main area of research is China. Three regions in China were selected to determine the relationships between the drought characteristics and the global temperature gradients and included the northeastern (124°41′ E–130°44′ E, 44°43′ N–50°59′ N), northwestern (84°36′ E–90°44′ E, 40°57′ N–46°54′ N), and southwestern (100°08′ E–106°11′ E, 22°28′ N–28°30′ N) parts of China, respectively (Figure 2).




2.2. Standardized Precipitation Evapotranspiration Index


Drought indices such as the standardized precipitation index (SPI) and the standardized precipitation evapotranspiration index (SPEI) are commonly used to monitor meteorological drought [25,43]. SPI is used to monitor droughts based only on precipitation data, and does not consider the impact of other factors on evapotranspiration [43]. However, SPEI proposed by Vicente-Serrano evaluates drought based on both evapotranspiration and precipitation [25]. In this study, SPEI was applied to identify global temperature indices and drought characteristics in China. The SPEI drought ratings are shown in Table 1.



The SPEI calculation procedure is summarized as follows. The monthly potential evaporation (PET) is calculated according to the Thornthwait method, and the difference between monthly precipitation and potential evaporation was calculated as follows:


Di = Pi − PETi



(1)




where Pi is the precipitation and PETi is the potential evaporation.



The cumulative water gain/loss sequence in climatological significance at various time scales was calculated as follows:


   D n k   =    ∑    i = 0    k − 1    (   P   n    −    i    −      PET     n    −    i     )   ,   n    ≥    k   



(2)




where k is the monthly time scale and n is the month.



The established data sequence was fitted with three parameters by the log-logistic probability density function as follows:


  f  ( x )   =   β α    (   x − γ  α  )    β    −    1       [ 1 + (    x − γ  α   ) β  ]   − 2    



(3)




where α is the scale parameter, β is the shape parameters, and γ is the origin parameters. These were obtained by L-moment parameter estimation. Hence, the cumulative probability for a given time scale can be calculated as follows:


  F  ( x )   = [ 1 +   α  x − γ    ]  − 1    



(4)







The results were processed by standardized normal distribution and the solution was obtained as follows:


   SPEI = W    −    C 0  −      C   1     W + C   2   W 2       1 + d   1     W + d   2   W 2     + d   3   W 3     



(5)






   W =    −  2 ln ( P )     ,   P    ≤    0   . 5   



(6)




where P = 1 − F(x); when P > 0.5, P becomes 1 − P. C0 = 2.515517, C1 = 0.802853, C2 = 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308.




2.3. Definition of Drought Characteristics


The schematic diagram in Figure 3 defines drought. A meteorological drought event is generally defined as the period in which the meteorological variable of interest is below a certain cutoff value. This interception level may either be constant or variable. Therefore, the important indicators of drought events define drought duration and severity.



According to SPEI series, drought is identified by presuming that a drought period is continuous over time when SPEI < −0.5 [42]. Therefore, the period wherein SPEI < −0.5 is defined as the duration of moderate drought. The absolute value of the cumulative SPEI over the drought duration indicates the drought severity.




2.4. Trend Analysis


A trend analysis such as a Mann-Kendall (MK) test is usually required for intuitive determination of the tendency in time series data. The nonparametric MK statistical method is recommended by the World Meteorological Organization (WMO), and is widely used to distinguish whether a natural process is in natural fluctuation or has a definite change trend [44]. However, the MK rank correlation test is more appropriate for non-normally distributed hydrometeorological data. No specific distribution test is required for the data series, extreme values can be tested in the trend test, the series can include missing values, and the relative order of magnitude may be analyzed rather than the number itself. In this way, values below the detection range and trace values may be included in the analysis. Moreover, linear trends need not be specified in time series analysis.



The MK test is often used to detect precipitation and drought frequency under the influence of climate change. The trend detection method was previously reported [40]. The alternative hypothesis H1 is a bilateral test. For all the distributions of i, j ≤ n and i ≠ j and the distributions of Xi and Xj differ from each other. The MK correlation coefficient between two variables is known as the MK statistic S. It is calculated as follows:


   S =    ∑    i = 1    n − 1     ∑    j = i + 1   n     sgn ( X   j  −  X i  )  



(7)




where sgn() is a symbolic function shown in Equation (8):


     sgn ( X     j      −      X   i   ) =   {       1   if   (   X   j      −  X i   )   > 0         0   if   (   X j  −  X i   )   = 0        −  1   if   (   X   j      −      X   i   )   < 0         



(8)




where S is an approximately normal distribution with a mean = 0 and variance calculated as shown in Equation (9) below:


  Var  ( S )   =    n  (  n − 1  )   (   2 n  − 5  )  −   ∑    i = 1   n   t i   ( i  −  1 ) ( 2 i + 5 )    18    



(9)




where t is the range of any given node. When n > 10, ZC converges to the standard normal distribution and is calculated as shown in Equation (10) below:


   Z c   =   {        S − 1      Var ( S )         S   >   0         0   S = 0           S + 1       Var ( S )         S   <   0         



(10)







In the foregoing calculation, the original hypothesis H0 will be rejected when |ZC|≥ Z1–α/2. In this case, there is a significant upward or downward trend in the current time series data α confidence level. If ZC > 0, it shows an upward trend. If ZC < 0, it shows a downward trend. ±Z1−α/2 is the (1 − α/2) quantile of the standard normal distribution, and α is the test confidence level of the test. When |ZC| ≥ 1.64, 1.96, and 2.58, the α confidence values are 0.1, 0.05, and 0.01, respectively. Here, the MK test was used to analyze the drought characteristic across China, and the tendency was determined from the results of the p and z values. The trend is not significant when p > 0.05. However, the difference between the result and the zero hypothesis is evident when p < 0.05. Thus, the p-value can indicate whether the SPEI of the area has a significant change trend. The direction of trend is then determined based on the positive and negative S values.




2.5. Meridional and Zonal Temperature Gradients


The temperature difference between land and ocean is an important characterization of the land-ocean thermal contrast that significantly influences the regional climate. China is located on the Eurasian continent and faces the Pacific Ocean. Hence, the difference between the land and the ocean temperature has an enormous impact on the climate. Temperature differences may be expressed by the LOC index which is defined as the longitudinal variation in the difference between the average land surface air temperature (SAT) and the average sea surface temperature (SST). It represents the difference in temperature between the land surface and the ocean attributed to global warming [30]. The LOC index may be used to detect changes in seasonal precipitation caused by water vapor movement. Equation (11) is based on the basic principle of the LOC index, calculated in the present study:


   LOC = SAT   (  22  . 5 °  – 67  . 5 °   N   )  −    SST   (  22  . 5 ° – 67   . 5 °   N   )   



(11)







The meridional temperature gradient is caused by differences in atmospheric pressure between high and low latitudes. North–south atmospheric circulation redistributes water vapor and energy across various regions. The observed hydroclimate also varies spatiotemporally. A large proportion of the global population lives in the Asian monsoon region. Consequently, it is crucial to understand the movement of the intertropical convergence zone (ITCZ) and the north subtropical high to assess their impact on water vapor transport, energy transfer, and interregional global climate [41]. In academia, however, there is a lack of understanding of the history and laws of the ITCZ. Furthermore, the north subtropical highs and their locations have not been precisely defined. Based on the extent of the temperate zone near the tropics, the subtropical zone was defined here as 22.5–37.5° N. Equation (12) is the formula based on the basic principle of the MTG index calculated in the present study:


   MTG = mid / high (   (  52  . 5 ° – 67   . 5 °   N   )  −    subtropical ( 22   . 5 ° – 37   . 5 °   N )   



(12)








2.6. Copula Functions


Copula functions [45] link univariate distributions to form multivariate distributions. They separate the dependence effects from the marginal distributions and facilitate model construction and study [42]. Copula functions also maintain the uniqueness of the probability distribution function of a single variable and retain valuable information when the model is transformed [46]. They have been recently applied to complex hydrologic phenomena such as drought.



Genest and Mackay proposed the Archimedean copula function in 1986 [47]. It is expressed as follows:


  C  (   μ 1     , … , μ   n     , … , μ   N   )     = φ    − 1    ( φ   (   μ 1   )   , … , φ   (   μ n   )   , … , φ   (   μ N   )  )  



(13)




where φ is the generating function that fully determines the Archimedean copula function. The Archimedean copula function family includes mainly symmetrical and asymmetrical copula functions. In this study, two symmetrical functions named G-H and Frank were used. Their expressions are shown below:


  C  (   u , v   )   = exp   {  −   [ −  lnu ]     1 θ     }   ,   θ    ϵ    [ 1 , +  ∞ )  



(14)






  C  (   u , v   )   =  −  1 θ  ln  [   1 +       ( e    −  θ v    −    1 ) ( e    −  θ u    −  1 )     e  − θ   − 1    ]   ,   θ    ≠    0   



(15)







Ellipse copula functions are derived from the ellipse distribution. The elliptic copula function family consists mainly of the Gaussian copula function and t-copula functions. The Gaussian copula function is derived from the multivariate normal distribution as shown below:


  C  (   u 1     , … , u   n     , … , u     N , ρ     )   =   φ ρ     ( φ    − 1    (   u 1   )     , … , φ    − 1    (   u n   )     , … , φ    − 1    (   u N   )  )  



(16)






  c  (   u 1     , … , u   n     , … , u     N , ρ     )   =     | ρ |      − 1  2    exp  {    − 1  2   ς T     ( ρ    − 1   −  I ) ς   }   



(17)




where φ−1 is the inverse function of the standard normal distribution function, φρ is the standard multivariate normal distribution, ρ is the correlation coefficient matrix between variables and is a symmetric positive definite matrix. I is the identity matrix, and  ς n = φ−1 (un).



The t-copula or Student’s copula is derived from the t distribution as shown below:


C(u1,···,un,···,uN,ρ) = Tρ,v(tv−1(u1),···,tv−1(un),···,tv−1(uN))



(18)






     c ( u   1     , · · · , u   n     , · · · , u   N   , ρ , v ) =     | ρ |     1 2         Γ (     N + v   2   ) [ Γ (   v 2     ) ]   N     ( 1 +   1 v   ς  − 1    ρ  − 1    ς )      −  v + N   2         [ Γ (     N + v   2   ) ]   N   Γ (   v 2  )   ∏    n = 1   N     ( 1 +     ς n 2   v  )     −  v + 2   2       



(19)




where the Tρ,v is the t standard multivariate distribution, v is the degree of freedom, ρ is the correlation coefficient matrix between variables and is a symmetric positive definite matrix, | ρ| is the absolute value of the determinant of ρ, tv−1 is the inverse function of the one-variable t distribution function with degrees of freedom, and  ς n = φ−1 (un).



Extreme value copulas mainly include the Galambos and HuslerReiss functions. Their formulae are displayed below:


   C ( u , v ) = uv  ·  exp { [ (  −    lnu )    − θ    + (  −    lnv )    − θ    ]  −   1  θ     }   ,   θ > 0   



(20)






   C ( u , v ) =   exp { −  u ˜  Φ [   1  α  +  1 2  α ln (    v ˜     u ˜    ) ] −  v ˜  Φ [   1  α  +  1 2  α ln (    v ˜     u ˜    ) ]  }  



(21)




where α ≥ 0,   u ˜  = −  lnu  ,   v ˜  = −  lnv ,   and  Φ  is the standard normal distribution function.





3. Results


3.1. Changes in Large-Scale Temperature


In this study, the large-scale temperature indices LOC and MTG were used to analyze the dynamic changes within the climate system. Figure 4 represents the temporal trend in the two normalized temperature gradient indices in the springtime of the years 1979 to 2019.



When LOC > 0, the land temperature is higher than the sea temperature. When LOC < 0, the opposite is true. When LOC approaches zero, there is minimal difference between land and sea temperature. The MTG index reflects the temperature difference between high and low latitudes. Current research showed that the Arctic region is relatively more sensitive to GHG-induced global warming than previously expected [48]. The decrease in the temperature difference between high and low latitudes was apparent from the decline in the MTG index. In the present study, points higher than the quantile line were selected as positive years while those lower than the quantile line were selected as negative. Hence, the positive LOC years were 2002, 2011, 2012, 2015, 2016, and 2019 while the negative LOC years were 1979, 1992, 1996, 1997, 2004, 2013, and 2018. Similarly, 1991, 1998, 2002, 2003, 2016, and 2019 were selected as positive MTG years while 1979, 1980, 1982 ,1983, 1992, 1995, 1997, 1999, 2006 and 2013 were selected as negative MTG years.




3.2. Composite Anomalies of Drought Characteristics Associated with LOC/MTG


To quantify the influences of the temperature gradients on the study area, the SPEI index was calculated and the drought duration and severity were extracted based on the drought definition. The average duration and severity observed in the period of 1979–2019, and the negative and positive LOC/MTG years in the southwestern, northwestern, and northeastern regions of China, were enumerated. We obtained the results of the composite analysis of the drought characteristics for the positive and negative LOC/MTG years. The variations in the drought characteristics of each region were associated with four indices and are displayed in Figure 5. In northeastern and southwestern China, the influences of positive/negative LOC and MTG on drought duration and severity were consistent. Compared with the average years, the positive LOC, negative LOC, and positive MTG years had significantly weaker effects on drought duration and severity in the northeast but significantly stronger effects on drought duration and severity in the southwest. In northwestern China, positive LOC increased drought duration and decreased drought severity. By contrast, negative LOC and positive MTG decreased drought duration and increased drought severity in northwestern China. In the negative MTG years, drought severity in the northwest had a maximum relative increase of 15.7%. Positive land-ocean temperature difference had the most significant impact on drought duration in the southwest. There, the average change in annual mean duration during the positive LOC years within the period of 1979–2019 increased by 24.3%. The northeast had the most significant trend in positive MTG indicators with a decrease of 16.1%. The changes in LOC and MTG in the northwest were relatively small.



The observed changes in drought severity in the northeast and southwest were consistent with the drought duration for the LOC and MTG years. However, the southwest was significantly affected by positive LOC and increased by 25.2%. In general, drought severity was more strongly affected by LOC and MTG than drought duration.




3.3. Changes in Drought Duration and Severity in China


China is severely affected by frequent drought disasters [49,50]. Since the 1990s, crop damage caused by flood and drought disasters has significantly increased. The current area affected by drought and flooding is 1.4 times the multiyear average between 1950 and 2010 [51]. Hence, drought disasters pose serious threats to food and ecological security and have become one of the critical factors limiting the sustainable development of the society and the economy of China. Several severe drought events occurred in southern and central China in 2001, in southeastern and western China in 2007, and in southwest and northern China in 2011. The main reason for these droughts was the weakening of the favorable east–west zonal wind. Consequently, insufficient water vapor is brought from the ocean. Further, the north–south meridional wind, which brings dry inland air, may also be strengthened.



In the present study, we used daily precipitation and maximum data to calculate the SPEI index over a 12-month period and extracted the drought duration and severity characteristics. We applied the M-K test to elucidate the drought duration and severity trends. The trends of drought duration and severity in China between 1979 and 2019 are displayed in Figure 6. Figure 6a shows that except for an increasing trend in drought duration in northwestern China, there were no perceptible trends in any other areas. The rising trend in drought severity in northwestern China is also depicted in Figure 6b. Figure 6 shows a correlation between drought severity and drought duration. As a rule, drought severity increases with drought duration. Compared with drought duration, drought severity has more significantly changed over the past few decades.




3.4. Joint Distribution of Drought Duration and Severity


The characteristic drought variables such as duration and severity are closely related. Drought duration and severity are usually positively correlated. Pearson’s correlation, Spearman’s correlation, and Kendall coefficients measure the association between drought duration and severity. The strongest relationship between drought duration and severity was identified by Pearson’s correlation coefficient. Figure 7 shows the relationship between drought duration and severity in the study area between 1979 and 2019.



The joint distribution of the drought characteristics was not clear. According to the copula function theory, we selected six copula functions to fit the joint distribution of drought duration and severity: Gaussian Copula and Student’s copula in the elliptic copula function family, GH Copula and Frank copula in the Archimedes copula function family, and Galambos copula and HuslerReiss copula in the extreme copula function family (Table 2). The best-fitting copula model was selected to represent the joint probability model of drought duration and severity.



Based on the AIC and BIC values in the table, the Frank copula function model fit best for the southwest. The HuslerReiss copula model was best suited for northeast, while the Gaussian copula was most appropriate for the northwest. Therefore, the Gaussian copula, HuslerReiss copula, and Frank copula functions were selected for the 2D copula joint distribution model of the drought characteristics in the three foregoing regions.



Figure 8 shows contour maps of the 2D joint distributions of drought duration and severity and demonstrates the strong dependence between the two drought characteristics. For example, the figure shows joint distributions for various combinations of drought duration and severity in positive (negative) LOC years and positive (negative) MTG years for northwestern, northeastern, and southwestern China.





4. Discussion and Conclusions


In this study, SPEI was used as a meteorological drought indicator. Drought duration and intensity served to define drought events based on daily CPC temperature and precipitation data between 1979 and 2019. The relationships between zonal and meridional temperature gradients (LOC/MTG) and drought characteristics (duration and severity) were also investigated. Hence, we aimed to forecast the occurrence and magnitude of drought events based upon drought characteristic correlations and their responses to meteorological conditions.



Trend analyses of drought duration and severity show that their long-term changes were positively correlated and increasing. Drought severity has changed more significantly than drought duration over the past few decades. In China, the observed increases in drought were localized in the northwestern and southwestern regions. These findings were consistent with those reported by Zeng et al. [52]. Drought events pose substantial threats to the environment and human society in those areas. As drought duration and severity have steadily increased, China may experience even more severe drought events going forward.



A composite analysis of drought characteristics temperature gradients revealed that drought severity is relatively more affected by LOC and MTG than drought duration. In northwestern China, the changes in LOC and MTG were comparatively minor. The northwestern region of China is far inland and remote from the ocean. Hence, the influences of land-ocean thermal contrast and the meridional temperature gradient are relatively small there. Nevertheless, drought severity has increased by 15.7% in this region because of negative MTG. Compared with other temperature gradients, the northwestern region is more strongly affected by negative LOC and MTG. The northeastern and southwestern regions of China are relatively closer to the ocean and are, therefore, more strongly influenced by land-ocean thermal contrast. Whereas LOC and MTG reduce drought duration and severity in the northeast, LOC and MTG enhance drought duration and severity in the southwest. This discrepancy could be explained by the relative differences in the geography of these two areas as well as other factors that remain to be determined. Positive MTG has the most negative effect on the northeastern region while positive LOC has the most positive effects on the southwestern region.



Univariate analyses do not objectively or comprehensively describe drought events. Therefore, multivariate analyses are applied for this purpose. However, traditional multivariate analyses are used mainly in scenarios where each variable has a normal marginal distribution. The copula function is recommended for the construction of a joint marginal distribution because it can effectively describe the correlations among variables and has considerable advantages over traditional multivariate analyses. The copula function plots a 2D copula distribution with drought duration and severity. The present study compared AIC values for six copula functions. It was established that the Gaussian, HuslerReiss, and Frank copula functions were suitable for the northwestern, northeastern, and southwestern areas of China, respectively. The marginal distribution function of drought characteristics facilitates calculation of the conditional probabilities of drought duration and severity in LOC/MTG years.



The foregoing analyses showed that the northwestern and southwestern regions of China may encounter more severe and frequent drought events in the future. However, the increases in drought severity will be more significant than the increases in drought duration. The copula function methods revealed strong positive correlations between drought duration and severity. As drought severity and duration intensify, China will be challenged by even more serious drought disasters that could be devastating to agriculture, the economy, and human society. Moreover, worsening climate warming may aggravate these changes. Composite analyses of drought characteristics and temperature gradients disclose the responses of the various regions of China to changing meteorological conditions. As drought processes are highly complex, their short-term impact may not be immediately apparent. For this reason, exploring the connections among drought variables and their responses to climate change might enable accurate prediction of the occurrences and magnitudes of drought events in the future.
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Figure 1. Study framework for copula-based drought monitoring and assessment using zonal and meridional circulations. 
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Figure 2. Study area comprising the northeastern, northwestern, and southwestern parts of China. 
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Figure 3. Definition of drought events used in the present study. 
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Figure 4. Time series of global temperature gradients. (a) LOC index. (b) MTG index during the period from 1979 to 2019. Green dotted line represents the linear trend of the indices. Gray dashed line indicates the +1 σ and −1 σ. For each gradient, red dots indicate significant positive events while blue dots indicate significant negative events. 
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Figure 5. Composite analysis of drought characteristics with temperature gradients. 
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Figure 6. Long-term trend in drought components in China between 1979 and 2019. (a) Drought duration. (b) Drought severity. 
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Figure 7. Relationship between drought duration and severity in the (a) southwest, (b) northeast, and (c) southwest. 
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Figure 8. Copula distributions of drought duration and severity in positive (negative) LOC/MTG years. 
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Table 1. Drought categories based on the SPEI index.
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	Category
	SPEI Index





	Normal
	(−0.5, +∞)



	Slight drought
	(−1.0, −0.5)



	Moderate drought
	(−1.5, −1.0)



	Severe drought
	(−2.0, −1.5)



	Extreme drought
	(−∞, −2.0]
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Table 2. Copula model-fitting table for the study area.
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Area

	
Category of Copula Function

	
Parameter Estimates

	
Goodness of Fit Evaluation Standard




	
AIC

	
BIC






	
Northwest

	
Gaussian copula

	
0.8271

	
−601.2871

	
−596.9415




	
Student’s copula

	
0.8271

	
−599.1858

	
−590.4946




	
GH copula

	
2.345

	
−546.6435

	
−542.2979




	
Frank copula

	
8.183

	
−573.2539

	
−568.9083




	
Galambos copula

	
1.645

	
−554.9031

	
−550.5575




	
HuslerReiss copula

	
2.252

	
−565.7303

	
−561.3846




	
Northeast

	
Gaussian copula

	
0.8319

	
−820.555

	
−815.905




	
Student’s copula

	
0.8337

	
−822.6324

	
−813.3318




	
GH copula

	
2.701

	
−907.3378

	
−902.6875




	
Frank copula

	
8.604

	
−791.2964

	
−786.6461




	
Galambos copula

	
2.003

	
−909.7965

	
−905.1462




	
HuslerReiss copula

	
2.635

	
−910.1736

	
−905.5233




	
Southwest

	
Gaussian copula

	
0.8291

	
−775.5213

	
−773.5139




	
Student’s copula

	
0.8291

	
−773.5139

	
−764.3061




	
GH copula

	
2.436

	
−737.7691

	
−733.1652




	
Frank copula

	
8.816

	
−784.6019

	
−779.998




	
Galambos copula

	
1.727

	
−744.8849

	
−740.2809




	
HuslerReiss copula

	
2.335

	
−757.1334

	
−752.5294
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