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Abstract 

This study aims to investigate the effect of climate change on the probability of drought 

occurrence in central Iran. To this end, a new drought index called Multivariate Standardized 

Drought Index (MSDI) was developed, which is composed of the Standardized Precipitation 

Evapotranspiration Index (SPEI) and the Standardized Soil Moisture Index (SSI). The required 

data included precipitation, temperature (from CRU TS), and soil moisture (from the ESA CCA 

SM product) on a monthly time scale for the 1980-2016 period. Moreover, future climate data 

were downloaded from CMIP6 models under the latest SSPs-RCPs emission scenarios (SSP1-2.6 

and SSP5-8.5) for the 2020-2056 period. Based on the NRMSE, Sn, and NS evaluation criteria, 

the Galambos and Clayton functions were selected to derive copula-based joint distribution 

functions in both periods. The results showed that more severe droughts and longer will occur in 

the future compared to the historical period and in particular under the SSP5-8.5 scenario. From 

the derived joint return period, a drought event with defined severity or duration will happen in a 

shorter return period as compared with the historical period. In other words, joint return period 

indicated a higher probability of drought occurrence in the future period. Moreover, the joint 



return period analysis revealed that the return period of mild droughts will remain the same, 

while it decresed over extreme droughts in the future. 

Keywords: Climate change, Copula function, MSDI, SSP, Drought, Iran

1. Introduction 

Drought as a recurring natural hazard can affect water resources such as water supply, surface 

and subsurface water availability, and management of water resources (Van loon et al., 2014; 

Amin et al., 2016; FAO, 2017; Scanlon et al., 2017; Hameed et al., 2020). Droughts are broadly 

categorized into meteorological (Hameed et al., 2018), hydrological (Barker et al., 2016), 

agricultural (Yan et al., 2017), or socio-economical droughts (Huang et al., 2016). It is a three-

dimensional, complex natural hazard characterized by severity (magnitude or intensity), 

duration, and areal extent (Tsakiris et al., 2007; Wilhite et al., 2014; Van Loon, 2015; Deo and 

Sahin, 2015; Deo et al., 2017; Mohammed & Scholz, 2017), which has been studied from the 

environmental or the water resource point of view (Wilhite & Glantz, 1985). The independence 

of drought characteristics makes the drought-related problems very complex and hard to deal 

with (Mishra & Singh, 2010). Several studies about drought risk analysis at higher dimensions 

have been conducted to investigate the interrelation between drought characteristics (Ma et al., 

2013; Hang et al., 2015). Copula function has been frequently employed in such 

multidimensional drought risk analyses with promising results (Zhang et al., 2020; Das et al., 

2020; Bazrafshan et al., 2020; Sajeev et al., 2021). 

Several indices are defined to quantify the drought severity, duration, and other characteristics 

(Afshar et al., 2020). Among them, Standardized Precipitation Index (SPI; McKee et al., 1993) 

and Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-Serrano et al., 2012) are 



the most used indicators for analyzing the severity, duration, and frequency of meteorological 

drought (Svoboda & Fuchs, 2016). SPEI uses precipitation and temperature to identify drought 

periods and their severity (Dubrovsky et al., 2008). Therefore, due to using temperature as an 

input, it can assess the effect of climate change more accurately compared to SPI (Vicente-

Serrano et al., 2010a). For agricultural drought, many indices have been developed such as the 

Empirical Standard SM Index (ESSMI; Carrao et al., 2016), Standard Soil moisture Index (SSI, 

Hao & Aghakouchak, 2013; Aghakouchak, 2014), SM Percentile (SMP; Aghakouchak et al., 

2015), and Soil moisture-based Drought Severity Index (DSI; Cammalleri et al., 2016). Among 

these indices, SSI is used more frequently as its calculation process is similar to other 

standardized drought indices (e.g. SPI and SPEI) and is based on the anomalies in long-term data 

(Zhang et al., 2019).

Recently, efforts have been made to develop multivariate indices based on a combination of 

different drought indices to provide insight into the conditions and characteristics of this climatic 

event (Beersma & Buishand, 2005; Hao & AghaKouchak, 2014; Li et al. 2015). Various 

methods and theories have been developed to quantify multivariate indices, including copula 

functions (Nelsen, 2006; Salvadori & Michele, 2007; Hao & AghaKouchak, 2014; Hao et al. 

2014; Vergni et al., 2015; Mortuza et al., 2019; Tahroudi et al., 2020), scalogram model (Sough 

& Mosaedi, 2013; Sough et al., 2018), principal component analysis (PCA) (Keyantash & 

Dracup, 2004; Rajsekhar et al., 2014; Fahimirad & Shakarmai, 2021), entropy theory (Waseem 

et al., 2015), and Markov chain method (Rezaeianzadeh et al., 2016).  

Based on several studies on climate change model analysis, Earth has been getting warmer in 

recent years (Solomon et al., 2007). This is expected to lead to an increase in the occurrence of 

drought (Sheffield & Wood, 2008). In recent years, many studies have reported that climate 

change impacts water resources, environment, health, and safety to a great extent (Tirado et al., 



2010; Danandeh Mehr & Kahya, 2017; Khajeh et al., 2017; Thilakarathne et al., 2017). Many 

studies have used the copula function method to statistically analyze drought under climate 

change conditions (Mesbahzadeh et al., 2020; Afshar et al., 2020). 

In this research, a new multivariate standardized drought index (MSDI) is proposed to 

combine agricultural and meteorological drought indices (SPEI and SSI) in historical and future 

periods in central Iran. These indices were incorporated through the Entropy Weighting (EW) 

method and the needed data were extracted from CRU TS and ESA CCI SM products and three 

CMIP6 models under the SSP1-2.6 and SSP5-8.5 scenarios, respectively. Bivariate copula 

functions were used for joint modeling of droughts based on MSDI. Using the joint probabilities 

derived from the copula functions, the bivariate drought return period was calculated based on its 

characteristics to investigate the future drought changes in comparison with the historical period. 

Moreover, the impact of climate change on mild and extreme drought was examined. What set 

this study apart from prior works included (1) selecting indices based on the best indicator for 

characterizing drought conditions in a region and (2) developing a new index based on two 

indices to monitor agricultural and meteorological drought.  

2. MATERIAL AND METHODS 

2.1. Study area and evaluation datasets 

Markazi province is located in central Iran and is known as the industrial capital of Iran. Its 

climate is warm and dry, with very low rainfall. It has an average annual rainfall and temperature 

of 261 mm and 14.6°C. The most important and largest plain in the province is the Arak plain 

(Miqan desert), which hosts enormous industrial and agricultural facilities. The extent of this 

basin is 5460 km2, 3100 km2 of which is flat and the rest is mountain-outs. Miqan wetland is one 

of the 10 major wetlands in Iran and is located in the center of the study area (Figure1). 



Groundwater is the most important natural resource to supply water demands. Recently, 

numerous factors such as population growth, agriculture development, climate variability, and 

over-extraction have led to declining groundwater levels in this plain. 

Figure 1. The Case Study 

2.2. Datasets 

The following datasets were used in this research work: 

- Station-based observations  

The validation of the projected data was performed using monthly temperature and 

precipitation records obtained from Iran’s Ministry of Energy for the selected station from 1980 

to 2016. 

- Climate Research Unit (CRU) 

CRU produced time series of monthly climate variables from 1901 to 2016 with a 0.5-degree 

spatial resolution (New et al., 1999; Mitchell & Jones, 2005). Monthly gridded data were 

generated from monthly ground-based climate variables over land. These data were interpolated 

using Inverse Distance Weighted (IDW). This dataset was compared with observational point-

based data measured in Arak synoptic station for validation (Table 1). As can be seen, statistical 

criteria revealed that the accuracy of CRU data is reliable. Therefore, monthly precipitation and 

temperature were sourced from this dataset (https://data.ceda.ac.uk).  

Table 1. 

- Satellite Soil Moisture products 

The satellite SM product originates from ESA CCI (https://www.esa-soilmoisture-cci.org/). 

The product consists of three surface SM datasets. “ACTIVE Product and PASSIVE Product”, 

https://data.ceda.ac.uk/
https://www.esa-soilmoisture-cci.org/


which were created by fusing scatterometer and radiometer soil moisture products, respectively. 

The “COMBINED Product” is a blended product based on the former two datasets. The product 

provides global surface SM from 1978 to 2018 at a spatial resolution of 0.25◦ and a temporal 

resolution of 1 day (Liu et al., 2011; Liu et al., 2012; Wagner et al., 2012; Dorigo et al., 2015). It 

should be noted that there is no gauge against which this dataset can be validated in this area. A 

study by Rahmani Kam (2015) confirmed the accuracy of ESA CCI data throughout Iran. Still, 

to ensure their reliability, the variation trend of soil moisture was compared with (1) climate 

variables including precipitation and temperature and (2) the distribution of operational wells. 

For example, Figure 2(a) shows the changes in monthly mean temperature, precipitation, and soil 

moisture in Arak station. As can be observed, the changing trend of soil moisture corresponds to 

temperature and precipitation. Moreover, the lowest and highest soil moisture figures were 

extracted from the Gavar  and Sarugh station, which correspond to the distribution of wells 

(Figure2, b). 

Figure 2. 

- Future Soil Moisture and Climate Data 

The CMIP6 climate model outputs were downloaded from https://esgf-

node.llnl.gov/search/cmip6/. Scenarios of IPCC's sixth assessment report investigate climate 

change using a combination of RCPs and SSPs scenarios (Eyring et al., 2016). The 1980-2016 

period of historical simulation covers the temperature observation period and is appropriate for 

comparison with the observed records. The four available CMIP6 models were investigated to 

project climate variables under two future SSP scenarios, namely SSP1-2.6 as a low forcing 

scenario (sustainable development) and SSP5-8.5 as a strong forcing scenario (fossil-fueled 

development). Detailed information on these models is listed in Table 2. It should be noted that 

https://esgf-node.llnl.gov/search/cmip6/
https://esgf-node.llnl.gov/search/cmip6/


the future soil moisture was obtained based on the future precipitation and temperature using 

multiple linear regression in TableCurve 3D.   

Table 2.  

2.3. Methodology 

An overview of the methodology of the current research is as follows (Figure 3): 

Figure 3.  

As iullstrated in this flowchart, the required data were extracted from the CRU dataset, ESA-

CCI SM products, and AR6 models. Different indices and Run Theory were used to calculate the 

severity and the duration of drought, while evaluation criteria were applied to choose the best 

distribution through these characteristics. The best bivariate distribution function for the severity 

and duration of the drought was then chosen through three steps. First, measuring the correlation 

between the Spearman coefficient and Tau Kendall. Second, calculating the parameter of copula 

functions based on the IFM1 method (Joe, 1997). Third, evaluating the copula cumulative 

distribution functions and experimental copula functions based on the evaluation criteria. Then, 

joint probability and joint return periods were calculated. This process was conducted for 

historical and projected future periods under SSP1-2.6 and SSP5-8.5 scenarios. 

2.3.1. Standardized Precipitation Evapotranspiration Index (SPEI) 

This index is based on a monthly climate water balance, which is the difference between 

precipitation and Potential EvapoTranspiration (PET) and is obtained as standard values of the 

probability distribution function of the deficit or surplus accumulation of a climate water balance 

at different time scales (McKee et al., 1993; McKee et al., 1995). PET is calculated using the 

Thornthwaite equation (Thornthwaite, 1948), which is a function of monthly mean temperature. 

1 Inference Function for Margins



The difference between precipitation (P) and potential evapotranspiration (PET) for the month i 

is calculated as follows: 

Di = Pi − PETi (1) 

where D values are calculated according to the following relation in different time scales: 

Dnk = ∑ Pn−1 − PETn−ik−1n=0 (2) 

Where k (months) is the considered time scale and n is the considered month in the 

calculation. SPEI is calculated based on the 3-parameter log-logistic distribution. Parameters of 

the log-logistic distribution can be estimated following the L-moment procedure (Ahmad et al., 

1988). The probability distribution function of the D series according to the log-logistic 

distribution is given by: 

F(x) = [1 + (
αx−γ)]−1    (3) 

Where α, β, and γ are scale, shape, and location parameters, respectively for D values in the 

range (γ < x < ∞). SPEI values are categorized into dry, wet, and normal periods (Table 2).  

2.3.2. Standardized Soil Moisture Index (SSI) 

SSI can be calculated similarly to SPI (Aghakouchak, 2014; Aghakouchak et al., 2015). This 

index is based on the SM content alone, reflecting the SM deficit compared to the long-term 

normal conditions. SSI is estimated by fitting the best probability distribution function to the 

historical SM records. In this area, the monthly SM follows the normal distribution. These are, 

then, transformed into standard values (mean = 0, and variance = 1) and SSI is calculated 

through the following equation:  



𝑆𝑆𝐼(𝑖) =
𝑆𝑀(𝑖)−𝑆𝑀(𝚤)̅̅ ̅̅ ̅̅ ̅̅𝑆𝑀(𝑖)(𝑠𝑡𝑑)

      (4) 

where 𝑆𝑀̅̅ ̅̅ ̅  is the average soil moisture in the month (i) and 𝑆𝑀(𝑠𝑡𝑑) is the standard deviation 

of soil moisture. The standardized soil moisture index values were classified as shown in Table 

3.  

2.3.3. Multivariate Standardized Drought Index 

Entropy weighting is a method for weighting indices. First, the matrix derived from the indices 

is standardized. The next step is to calculate the entropy of each index according to the following 

equation: 

𝐻𝑗 =  
−1 ∑ 𝑓𝑖,𝑗∗𝑙𝑛𝑓𝑖,𝑗𝑚𝑖=1𝐿𝑛 (𝑚)

(5) 

Wherein: 

𝑟𝑖,𝑗 =
−𝑟𝑖,𝑗∑ 𝑟𝑖,𝑗𝑚𝑖=1                                                                                                                                  (6) 

where 𝑟𝑖,𝑗  is the index matrix value. Finally, the weight of each indicator is calculated according 

to the equation below (Li et al., 2011): 

𝐷𝑗 = 1 − 𝐻𝑗                                                                                                                                (7) 

𝑤𝑗 =
𝐷𝑗𝑛−∑ 𝐻𝑗𝑛𝑗=1                                                                                                                              (8) 

where 𝑤𝑗 is the weight assigned to the variables, satisfying ∑ 𝑤𝑗𝑛𝑗=1 = 1  and 𝐷𝑗  is a measure of 

the entropy among the jth variable. The Multivariate Standardized Drought Index is proposed 

based on the entropy weighting method and its equation is as follows: 

𝑀𝑆𝐷𝐼 = 𝑊𝑆𝑃𝐸𝐼 ∗ 𝑆𝑃𝐸𝐼 + 𝑊𝑆𝑆𝐼 ∗ 𝑆𝑆𝐼                                                                                         (9) 

𝑊𝑖𝑛𝑑𝑒𝑥  is the weight of each index in the new index. 



Table 3.  

2.3.4. Copula function 

Sklar (1959) introduced the copula and described how univariate distribution functions can be 

combined into a multivariate distributions function. For N-dimension continuous random 

variables {𝑋1, 𝑋2, … , 𝑋𝑁}  with 𝐹(𝑋𝑖) = 𝑃𝑥𝑖(𝑋𝑖 ≤ 𝑥𝑖) marginal distribution, the joint distribution 

of variable  X is defined as follows: 

𝐻𝑋1,…,𝑋𝑁(𝑥1, 𝑥2, … , 𝑥𝑁) = 𝑃[𝑋1 ≤ 𝑥1, 𝑋2 ≤ 𝑥2, … , 𝑋𝑁 ≤ 𝑥𝑁] (10) 

A copula is a function that connects univariate marginal distribution functions to form a 

bivariate or multivariate function. Sklar showed that the probabilistic multivariate distribution H 

can be defined with copula function C by using marginal distribution and affiliation structure: 

C(FX1(x1), FX2(x2), … , FXN(xN)) = HX1,…,XN(x1, x2, … , xN) (11) 

Copula functions are divided into several families, among which, Archimedean joint functions 

are one of the most widely used functions in multivariate analysis of hydrological events 

(Nelsen, 2006). According to Table 4, five different copula functions were used in this research 

for drought multivariate analysis.  

The parameter of the copula functions was needed to fit these functions to the duration and 

severity of drought. In this study, the IFM method was used for estimating the copula 

dependency parameters. This method includes two steps: first, different distributions were fitted 

through the severity and duration data and the best distribution was chosen based on NS and 

NRMSE statistics. Second, by implementing the parameters of the marginal distributions to the 

maximum log-likelihood function, this function was maximized to obtain the copula dependency 

parameter (). Then, the copula maximum likelihood algorithm function was maximized to 



obtain the copula dependence parameter. The results of each copula were compared against the 

results of experimental probability to choose the best-fitted copula. 

Table 4.  

Criteria such as normalized root mean square error (NRMSE), Cramer-von mises statistic (S𝑛) 

and the Nash Sutcliffe (NS) were used in this study, as presented below: 

NRMSE = 100 ×

√∑ (Cpi−Cei)2Ni=1 𝑁Cemax−Cemin (12) 

S𝑛 = ∑ (Cpi − Cei)2Ni=1 (13) 

𝑁𝑆 = 1 − ∑ (Cpi−Cei)2Ni=1∑ (Cei−𝐶𝑒̅̅ ̅)2Ni=1 (14) 

Where N is the sample size, Cp is the calculated value of the theoretical copula, Ce is the 

observed values, and Ce̅̅ ̅ is the mean of observed values.  

2.3.5. Bivariate Return Period 

Two modes of drought joint return period exist: i) return period for duration and severity 

values provided that both of them are more than the specific values, ii) return period provided 

that duration or severity of drought is more than the specific values so that they are respectively 

identified as 𝑇𝐷𝑆 and 𝑇 𝐷𝑆 (Kendall & Dracup, 1992; Mathier et al., 1992; Shiau, 2006). 

𝑇𝐷𝑆 =
𝐸(𝐿)𝑃(𝐷≥𝑑,𝑆≥𝑠)

=
𝐸(𝐿)1−𝐹𝐷(𝑑)−𝐹𝑆(𝑠)+𝐶(𝐹𝐷(𝑑),𝐹𝑆(𝑠))

(15)

𝑇 𝐷𝑆 =
𝐸(𝐿)𝑃(𝐷≥𝑑 𝑜𝑟 𝑆≥𝑠)

=
𝐸(𝐿)1−𝐶(𝐹𝐷(𝑑),𝐹𝑆(𝑠))

 (16) 

𝐸(𝐿) =
1

(𝑃0∗𝑃1)
(17) 



Where E(L) is the average interval time between the drought event, FD(d) and FS(s) are the 

cumulative distribution functions of duration and severity, C(FD(d), FS(s)) is the joint 

cumulative distribution function of the drought severity and duration, and p 1 and  p 0 indicate 

the occurrence and non-occurrence probability of drought. 

2.3.5. Downscaling  

The Change Factor (CF) method was implemented to downscale the GCM outputs and 

generate precipitation and temperature series for future periods. In the CF method, typically 

monthly ratios are generated for the historical series and climate change scenarios for 

temperature and precipitation. For constructing the climate change scenario of each GCM, the 

‘difference’ and ‘ratio’ for the temperature and precipitation (equations 18 and 19), respectively, 

are calculated based on the long-term monthly average of the future period and historical period 

simulated by the same GCM model in each cell of computational grid (IPCC-TGCIA, 2007). 

𝑃 =  𝑃𝑜𝑏𝑠 ∗ ( 𝑃𝐺𝐶𝑀,𝑓𝑢𝑡,𝚤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅𝑃𝐺𝐶𝑀,𝑏𝑎𝑠𝑒,𝚤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) (18)

T=T𝑜𝑏𝑠 + (T𝐺𝐶𝑀,𝑓𝑢𝑡,𝚤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ − T𝐺𝐶𝑀,𝑏𝑎𝑠𝑒,𝚤̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅)  (19) 

where Pobs and Tobs indicate the observed precipitation and temperature time series in the 

historical (baseline) period, PGCM,fut,ı̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅  and TGCM,fut,ı̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ are the average time series of future 

precipitation and temperature, and PGCM,base,ı̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ and TGCM,base,ı̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ are the average time series of 

historical (baseline) precipitation and temperature. 

3. Results and Discussion 

3.1. Impact of the lengths of record on meteorological drought 

In order to incorporate two indices, both of them should cover the same period. Since the soil 

moisture data were available for 37 years for calculating the agricultural index, the 



meteorological index was also calculated for the same period. For this purpose, the sensitivity of 

SPEI to the temporal length of data was analyzed as a contingency tables (Table 5). The match 

and non-match cases were determined as follows. If one class of drought occurrence, derived 

from the long-term record (100-year), matches the short-term record (37-year), it is called a 

“match”, otherwise, it is called a “non-match”. The results show that by increasing the SPEI 

time-scale (1, 3, 6, 9, and 12), the percentage of non-match classification was raised by 12%, 

22%, 24%, 29%, and 53%, respectively. Considering that this difference is not significant for 

this research, the data available for 37 years (1980-2016) were used. 

Table 5. 

3.2. Future climate data  

To project precipitation and temperature, the related data were downscaled using the CF 

method from the four CMIP6 models under two scenarios. The IPSL-CM6A-LR model was 

chosen with the least NRMSE and MBE and the highest NS for temperature and precipitation, 

respectively, to produce future climatic data (Table 6). Figure 4 demonstrates a specific trend in 

the monthly temperature variations compared to precipitation. The largest increase in 

temperature occurred in November (1.76 °C) and April (2.32 °C) under the SSP1-2.6 and SSP5-

8.5 scenarios compared with the historical period. Furthermore, the highest increase and decrease 

in precipitation were seen in January (1.24) and April (0.85) under SSP5-8.5 compared to the 

historical period. 

Table 6.  

Figure 4. 



3.2. Investigation of drought characteristics based on MSDI in historical and future periods 

Drought events are mostly characterized using drought duration (the length of the dry period), 

drought severity (summation of index values during the dry period), drought average severity 

(average of index values during the dry period), and drought intensity (minimum index value 

during the dry period) (Afshar et al., 2020). Among these characteristics, severity and duration 

were selected in the current research. After the calculation of MSDI, drought severity and 

duration were extracted based on a threshold level of -1 according to Run Theory in historical 

and future periods (Figure 5).  

Figure 5. 

According to these figures, drought characteristics of the most severe event with three time 

scales (6, 9, and 12) were obtained for the historical and future periods (Table 7). By increasing 

the time scale, the frequency of the dry period decreases, which is accompanied by an increase in 

the severity and duration of drought. As can be observed, in the historical period, the most severe 

drought had a severity, duration, and number, ranging from -25.56 to -47.83, 10 to 24 months, 

and 11 to 6. The highest drought severity generated by the SSP1-2.6 and SSP5-8.5 scenarios was 

increased from -28.3 to -54.4 and -30.31 to -60.3, respectively. The drought derived from MSDI 

under the SSP5-8.5 scenario had a higher severity than those under other scenarios.  

Tale 7. 

Strong linear dependence based on Kendall and Spearman Coefficient (τ, 𝜌 > 0.8) was 

obtained between the severity (S) and duration (D) of the drought in the historical and future 

periods under two scenarios in all time scales (correlations are statistically significant at 95% 

confidence level). Based on these coefficients and comparison with the range of Kendall’s τ, all 

of the copula functions were selected for the next stage. The univariate CDFs of drought 



characteristics are necessary to fit the copula functions. Hence, a total of 11 univariate 

distribution functions were fitted to drought severity and duration to determine the marginal 

distribution functions, and the parameters of these functions were estimated using the maximum 

likelihood method. The Log-Normal, Log-Logistic, Normal, Logistic, and GEV functions were 

selected as the best fit for drought duration, and the Weibull, Normal, Log-Logistic, Log-

Normal, and GEV functions as the best fit for drought severity based on statistical tests including 

Kolmogorov–Smirnov and evaluation criteria (NRMSE, NS, and K_S) for both periods (Table 

8). As can be seen, the NRMSE and NS values are closer to 0 and 1, respectively, which 

indicates a perfect fit for the data. 

Table 8.  

3.3. Investigation of copula functions for drought severity and duration 

The parameters of the functions for MSDI were estimated based on IFM to fit the copula 

functions to drought severity and duration. The best copula function to investigate the joint 

behavior of the drought severity and duration in the historical period is Galambos (Table 9). The 

NRMSE and Sn are close to 0 and NS close to 1, which indicates the good fit of copula function 

to the data. Moreover, the Clayton copula functions were determined under SSP1-2.6 and SSP5-

8.5 since they had the lowest NRMSE and Sn and the highest NS. 



Table 9. 

After selecting the best copula function, the joint probabilities of drought severity and duration 

are obtained (For example, the probabilities for the 6-month time scale  are presented in 

Figure 6). As shown in this figure, the probability of severe and long drought occurrence is 

higher than in the historical period under the two scenarios. Moreover, the probability of severe 

drought is more in SSP5-8.5 than in the SSP1-2.6 scenario.  

Figure 6. 

3.4. Return periods   

The bivariate drought return period was calculated using the Galambos and Clayton copulas in 

the historical and future periods, which can show the joint behavior of the drought 

characteristics. For instance, the average time interval between the drought events based on 

MSDI6 in the historical period, SSP1-2.6, and SSP5-8.5 are 8.1, 7.2, and 6.8 months. Figures 7 

shows the joint return period of severity and duration of drought based on MSDI6 in the 

historical and future periods (SSP1-2.6 and SSP5-8.5) in both 𝑇𝐷𝑆 (and) and 𝑇𝐷𝑆(or). As can be 

seen, the maximum return period 𝑇𝐷𝑆(or) is less than 𝑇𝐷𝑆 (and).  

As a consequence in 𝑇𝐷𝑆 (and), the maximum drought return period in the historical period is 

250 years, while in the future period, under the SSP1-2.6 and SSP5-8.5 scenarios, it will be 350 

and 400 years, respectively. This indicates that a drought event will occur with a longer return 

period in the future under two scenarios. For example, a drought event with a return period of 

150 years has a severity ranging from 18 to 20 and a duration ranging from 8 to 9 months, while 

in the future period under the SSP1-2.6, it has a severity ranging from 23 to 25 and a duration of 

more than 11 months and under SSP5-8.5 scenarios, it has a severity of more than 25  and a 

duration of 11 months. Overall, the droughts in the future would become more severe and longer. 



According to this Figure ( 𝑇𝐷𝑆 (or)), the maximum drought return period in the historical period 

is 160 years, while in the future period, it will be reduced to 60 and 60 years under the SSP1-2.6 

and SSP5-8.5 scenarios, respectively. This demonstrates that droughts in the future would 

become more frequent and more severe. For instance, a drought event with a return period of 10 

years has a severity of 20 and a duration of 10 months, while in the future period under SSP1-

2.6, it has a severity of 25 and a duration of 11 and under SSP5-8.5 a severity of 28 and a 

duration of 11 months. In other words, the drought occurrence probability is higher in the future 

than in the historical period. Finally, the impact of climate change on univariate and joint return 

periods of droughts with different duration and average severity is presented in Table 10. As can 

be observed, the joint return period of mild drought (a return period of 5 years) does not change 

much within the historical and future periods (𝑇𝐷𝑆 (and), 𝑇𝐷𝑆 (or)) than that of extreme drought 

(a return period of 35 years).  

Figure 7.  

Table 10. 

4. Conclusion 

Climate change increases the odds of worsening drought conditions in many parts of Iran and 

the world in the decades ahead. The objective of this study was to investigate the impact of 

climate change on the probability of drought occurrence over Arak plain, Iran. To this end, a  

new index is proposed using the concept of Entropy Weighting and the SPEI (meteorological) 

and SSI (agricultural) indices. Future climate data were extracted using the  IPSL-CM6A-LR 

model as the best model in this study under SSP1-2.6 and SSP5-8.5 scenarios. Using copula 

theory, the joint behavior of drought duration and severity was analyzed in terms of MSDI. The 

findings showed that by increasing the time scale, the frequency of the dry period decreases, 



which is accompanied by an increase in the severity and duration of droughts. The best fitted 

marginal distribution functions were found to be Log-Normal, Log-Logistic, Normal, Logistic, 

and GEV functions for duration and Weibull, Normal, Log-Logistic, Log-Normal, and GEV 

functions for severity over the study area. Based on the evaluation criteria, Galambos and 

Clayton functions were selected to drive copula-based joint distribution functions. The six-month 

time scale was selected for bivariate analysis because of the higher frequency of droughts in this 

scale compared to other time scales (9 and 12). The results show that more severe and longer 

droughts will occur in the future, particularly based on the SSP5-8.5 scenario. In other words, the 

drought occurrence probability is more in the future than in the historical period.When both the 

severity and duration exceeded a defined value ( 𝑇𝐷𝑆 (and)), the joint return period of drought 

was longer than when either variable (i.e. severity or duration) exceeded separately a defined 

value ( 𝑇𝐷𝑆 (or)). Moreover, the frequency of mild drought remained the same under climate 

change, while the frequency of extreme drought was reduced. These results imply that the future 

drought conditions, especially in countries such as Iran, which have an arid and semi-arid climate 

and are affected by climate change, will be worse and these countries are especially vulnerable, 

and so adaptive solutions must be developed for the optimal management of water resources. 
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Table 1. Assessing the performance of CRU dataset over the case study 

Variable R2 NRMSE MBE 

Precipitation 0.89 0.4 0.07 

Temprature 0.98 0.12 -0.04 

Table 2. Information from four CMIP6 climate models used in this study 

Model Source 

Spatial 

resolution 

( lat × lon ) 

BCC-CSM2-MR Beijing Climate Center, China 1.125° × 1.125° 

CanESM5 
Canadian Center for Climate Modeling and Analysis, 

Canada 
2.8125°× 2.8125° 

IPSL-CM6A-LR Institute Pierre-Simon Laplace, France 1.26° × 2.5° 

ACCESS-CM2 
The Centre for Australian Weather and Climate Research, 

Australia 
1.875°×1.25° 



Table 3. Classifications of wet and dry conditions using MSDI 

MSDIDrought Classification   

More than 2 Extreme Wet 

1.5 up to 2 Severe Wet 

1up to 1.5 Moderate Wet 

-1 up to 1 Normal 

-1 up to – 1.5 Moderate dry 

-1.5 up to -2 Severe dry 

Less than -2 Extreme dry 

Table 4. Copula functions (Mirabbasi et al., 2012) 

Paramspace                                            C(U,V) Copula function 𝛉 ≥ 𝟎(𝑢−∞ + 𝑣−∞ − 1)
−1𝜃Clayton 

𝛉 ≠ 𝟎−1𝜃 ln[1 +
(𝑒−𝜃𝑢 − 1)(𝑒−𝜃𝑣 − 1)𝑒−𝜃 − 1

]Frank 

𝛉 ≥ 𝟎𝑢𝑣 exp[((−𝑙𝑛𝑢)−𝜃 + (−𝑙𝑛𝑣)−𝜃)−1𝜃 ]Galambos 

𝛉 ≥ 𝟏exp [−[(−𝑙𝑛𝑢)𝜃 + (−𝑙𝑛𝑣)𝜃] 1𝜃]
Gumbel- 

Hougaard 

𝛉 ≥ 𝟎1

2

1𝜃 − 1
[1 + (𝜃 − 1)(𝑢 + 𝑣) − [(1 + (𝜃 − 1)(𝑢 + 𝑣))2 − 4𝜃(𝜃 − 1)𝑢𝑣]

12Plackett 



Table 5. Frequency of match and non-match drought classification for the overall region using 

different record periods (37 & 100 years) in different time scales (1, 3, 6, 9, 12) 

SPEI 1 (37-Year) 

Extreme dry Severe dry Moderate dry Normal Moderate Wet Severe Wet Extreme Wet 

Extreme dry 4 6 1 0 0 0 0 

Severe dry 0 16 10 0 0 0 0 

SPEI Moderate dry 0 0 33 18 0 0 0 

(100-Year) Normal 0 0 5 265 15 1 0 

Moderate Wet 0 0 0 5 30 6 1 

Severe Wet 0 0 0 0 2 17 3 

Extreme Wet 0 0 0 0 0 1 4 

SPEI 3 (37- Year) 

Extreme dry Severe dry Moderate dry Normal Moderate Wet Severe Wet Extreme Wet 

Extreme dry 5 8 0 0 0 0 0 

Severe dry 0 14 15 0 0 0 0 

SPEI Moderate dry 0 1 27 24 0 0 0 

(100-Year) Normal 0 0 1 263 20 0 0 

Moderate Wet 0 0 0 9 23 9 0 

Severe Wet 0 0 0 0 4 11 5 

Extreme Wet 0 0 0 0 0 2 4 

SPEI 6 (37- Year) 

Extreme dry Severe dry Moderate dry Normal Moderate Wet Severe Wet Extreme Wet 

Extreme dry 7 5 1 1 0 0 0 

Severe dry 1 12 7 4 0 0 0 

SPEI Moderate dry 0 3 25 26 0 0 0 

(100-Year) Normal 0 2 5 263 17 3 1 

Moderate Wet 0 0 0 7 14 7 1 

Severe Wet 0 0 0 2 2 14 4 

Extreme Wet 0 0 0 0 0 2 4 

SPEI 9 (37-Year) 

Extreme dry Severe dry Moderate dry Normal Moderate Wet Severe Wet Extreme Wet 

Extreme dry 4 8 0 1 0 0 0 

Severe dry 0 15 11 4 0 0 0 

SPEI Moderate dry 0 3 20 29 1 0 0 

(100-Year) Normal 0 2 6 250 27 3 1 

Moderate Wet 0 0 0 5 16 9 0 

Severe Wet 0 0 0 2 1 10 5 

Extreme Wet 0 0 0 0 0 0 2 

SPEI 12 (37-Year) 

Extreme dry Severe dry Moderate dry Normal Moderate Wet Severe Wet Extreme Wet 

Extreme dry 3 11 1 1 0 0 0 

Severe dry 0 10 17 4 0 0 0 

SPEI Moderate dry 0 2 24 34 1 0 0 

(100-Year) Normal 0 3 5 232 23 4 1 

Moderate Wet 0 0 1 5 15 19 0 

Severe Wet 0 0 0 2 1 10 2 

Extreme Wet 0 0 0 0 0 0 0 



Table 6. Results of evaluation criteria for the four CMIP6 models 

Parameters Model NS NRMSE MBE 

Precipitation 

CanESM5 -0.49 1.25 -5.45 

BCC-CSM2-MR -1.43 1.60 7.79 

ACCESS-CM2 -0.55 1.28 5.14 

IPSL-CM6A-LR -0.47 1.25 -2.44 

Temperature 

CanESM5 0.66 0.40 -1.57 

BCC-CSM2-MR 0.66 0.4 0.25 

ACCESS-CM2 0.71 0.37 -4.48 

IPSL-CM6A-LR 0.89 0.22 -2.1 

Table 7. The number, highest severity, and duration (month) of drought events under the 

historical and future periods  

Historical SSP1-2.6 SSP5-8.5 

Index Number 

Duration Severity 

Number 

Duration Severity 

Number 

Duration Severity 

Max Max Max Max Max Max 

MSDI 6 11 10 -25.56 8 10 -28.53 8 10 -30.31 

MSDI 9 7 22 -42.02 5 24 -47.43 7 24 -50.7 

MSDI 12 6 24 -47.83 6 24 -54.4 6 24 -60.3 



Table 8. The results of evaluation criteria for the best marginal distribution function  

Index Period 

Duration Severity 

NRMSE NS K_S Distribution NRMSE NS K_S Distribution 

MSDI 6 

Historical 9.14 0.90 0.19 Normal 7.09 0.94 0.16 Weibull 

SSP1-2.6 10.88 0.86 0.22 Logistic 9.07 0.91 0.20 Log Logistic 

SSP5-8.5 10.90 0.89 0.22 Logistic 9.09 0.92 0.21 Log Logistic 

MSDI 9 

Historical 10.74 0.87 0.19 Log Logistic 8.68 0.92 0.13 Log logistic 

SSP1-2.6 8.08 0.93 0.18 Logistic 9.62 0.90 0.19 Logistic 

SSP5-8.5 8.78 0.91 0.23 Normal 12.40 0.83 0.20 Logistic 

MSDI 12 

Historical 9.42 0.90 0.22 Gev 8.26 0.92 0.20 Gev 

SSP1-2.6 10.40 0.88 0.20 Lognormal 8.36 0.92 0.18 Lognormal 

SSP5-8.5 10.06 0.89 0.19 Lognormal 7.31 0.94 0.20 Lognormal 

Table 9. The best copula function and evaluation criteria in the historical and future periods  

Historical 

Copula Function Sn NRMSE NS 

Galambos 0.04 5.87 0.97 3.47 

SSP1-2.6  

Clayton 0.03 6.09 0.97 5.15 

SSP5-8.5  

Clayton 0.03 6.01 0.98 5.33 



Table 10. Comparison of the impact of climate change on univariate and joint return periods of 

droughts with different duration and severity amounts.

Univariate return 

period (year) 

Drought characteristics 

(Historical) Periods 

Joint return period  

(year) 

Severity Duration and or 

5

17 9 Historical 50 37 

SSP1-2.6 56 25 

SSP5-8.5 55 25 

10 

19 10 Historical 102 72 

SSP1-2.6 167 43 

SSP5-8.5 164 43 

20 

22 11 Historical 206 144 

SSP1-2.6 558 78 

SSP5-8.5 546 78 

35 

25 13 Historical 343 240 

SSP1-2.6 1424 124 

SSP5-8.5 1391 124 



Figure 1. The Case Study 



(a) 

(b) 

Figure 2. The changes of the monthly mean temperature, precipitation and soil moisture (a), 

the changes of the monthly mean soil moisture in the case study (b). 
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Figure 3. The research flowchart 



Figure 4. Changes of monthly mean temperature and precipitation compared to the historical 

period for SSP1-2.6 and SSP5-8.5 scenarios  
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                            (a )                                                                                (b)                                                  

(c) 

Figure 6. Joint probabilities of drought severity and duration based on MSDI6 for (a) historical, 

(b) SSP1-2.6, (c) SSP5-8.5 scenarios. 



(a) 

(b) 

(c) 

Figure 7. Joint return period of drought in the historical period (a) and under scenarios SSP1-2.6 

(b) and SSP5-8.5(c) based on MSDI6 (and (left) and or (right)). 


