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Abstract: Investigation of  the climate change effects on drought is required to develop management 
strategies for minimizing adverse social and economic impacts. Therefore, studying the future 
meteorological drought conditions at a local scale is vital. In this study, we assessed the efficiency of  seven 
downscaled Global Climate Models (GCMs) provided by the NASA Earth Exchange Global Daily 
Downscaled Projections (NEX-GDDP), and investigated the impacts of  climate change on future 
meteorological drought using Standard Precipitation Index (SPI) in the Karoun River Basin (KRB) of  
southwestern Iran under two Representative Concentration Pathway (RCP) emission scenarios, i.e., 
RCP4.5 and RCP8.5. The results demonstrated that SPI estimated based on the Meteorological Research 
Institute Coupled Global Climate Model version 3 (MRI-CGCM3) is consistent with the one estimated by 
synoptic stations during the historical period (1990–2005). The root mean square error (RMSE) value is 
less than 0.75 in 77% of  the synoptic stations. GCMs have high uncertainty in most synoptic stations 
except those located in the plain. Using the average of  a few GCMs to improve performance and reduce 
uncertainty is suggested by the results. The results revealed that with the areas affected by wetness 
decreasing in the KRB, drought frequency in the North KRB is likely to increase at the end of  the 21st 
century under RCP4.5 and RCP8.5 scenarios. At the seasonal scale, the decreasing trend for SPI in spring, 
summer, and winter shows a drought tendency in this region. The climate-induced drought hazard can 
have vast consequences, especially in agriculture and rural livelihoods. Accordingly, an increasing trend in 
drought during the growing seasons under RCP scenarios is vital for water managers and farmers to adopt 
strategies to reduce the damages. The results of  this study are of  great value for formulating sustainable 
water resources management plans affected by climate change. 
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1  Introduction 

Drought is one of the natural hazards that can affect numerous sectors, such as agriculture, water 
resources, environment, society, and ecosystem, which is related to global and regional food 
security (Wilhite, 2000; Ionita et al., 2016; Aziz et al., 2018; Modarresi Rad et al., 2021). Changes 
in precipitation and meteorological parameters are the first consequences of drought that lead to 
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river flow changes. Next, it can be seen that the shortage of water resources affects agricultural 
activities. As a result, social and economic effects and consequences appear (Adamson and Bird, 
2010). Therefore, investigating the meteorological drought as the origin of different forms of 
drought (Wang et al., 2021) can play an essential role in managing and reducing the damages 
caused by this phenomenon. Since quantification is necessary to better assessment different 
drought characteristics, researchers have proposed several indices to quantify this phenomenon, 
such as Standard Precipitation Index (SPI; McKee et al., 1993), Deciles Index (DI; Gibbs and 
Maher, 1967), Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-Serrano et al., 
2010), and Bhalme and Mooley Drought Index (BMDI; Bhalme and Mooley, 1980). Hayes et al. 
(2011) introduced SPI as the only valid indicator to study meteorological drought in most parts of 
the globe. The National Meteorological and Hydrological Services (NMHSs) and World 
Meteorological Organization (WMO) also concurred that SPI is the primary indicator for 
meteorological drought measurement globally (WMO and GWP, 2016). 

On the other hand, the increase in the production and emission of greenhouse gases has brought 
climate change as one of the most critical challenges over recent decades and enormous concerns 
have been raised about the effects of this phenomenon on various aspects (IPCC, 2013). For 
example, an average of 6.2×104 people have been displaced daily due to climate or weather 
disasters since 2008 (Bower et al., 2015). Furthermore, drought, which is dominantly linked to 
higher temperature and lower precipitation, has been replaced by more intense and prolonged 
drought in recent decades due to climate change (Karamouz et al., 2013; Shelton, 2018; Haile et 
al., 2020). In addition, due to increasing global warming, intensifying the frequency of drought is 
expected in the future (Cook et al., 2015; Feng et al., 2017; Schwalm et al., 2017; Haile et al., 
2020; Fooladi et al., 2021). Global Climate Model (GCM) is one of the most reliable and 
advanced tools for simulating and studying the past and future of climate systems (Wilby and 
Harris, 2006).  

GCM simulates climate variables under different emission scenarios until 2100. For this 
reason, researchers worldwide put much effort into identifying and monitoring the future drought 
under climate change scenarios. For example, Cao and Gao (2019) addressed the impact of 
climate change on drought under both moderate and high Representative Concentration Pathway 
(RCP) scenarios (i.e., RCP4.5 and RCP8.5, respectively) in China, claiming global warming has 
augmented the intensity and spatial extent of drought in China; nevertheless, the spatial extent of 
drought has not been significantly affected under RCP4.5 and RCP8.5 scenarios. Haile et al. 
(2020) assessed the future drought under RCP2.6, RCP4.5, and RCP8.5 scenarios in East Africa 
with five GCMs. They found that the characteristics of drought (including drought area, duration, 
frequency, and intensity) have increased under all RCP scenarios in many parts of East Africa. 
Gaitán et al. (2020) investigated the impacts of climate change on drought based on the Coupled 
Model Intercomparison Project Phase 5 (CMIP5) and two RCP scenarios in Aragon Autonomous 
Community of Spain and concluded that industrial and most populated areas would face more 
severe and more prolonged drought in the future. Li et al. (2021) assessed the characteristics of 
future meteorological drought and hydrological drought in the Mekong River Basin and found 
that changes in both droughts are affected by climate change and would increase. Also, Das et al. 
(2021) evaluated meteorological drought changes during the 21st century using SPI and SPEI at 
3-month and 12-month timescales based on GCMs in Maharashtra State of India. They concluded 
that drought properties increase in most of the study areas in the short term and decrease in the 
long term. 

Although numerous studies in many parts of the world have been conducted to assess future 
drought conditions under various climate change scenarios (Dehghan et al., 2020; Gaitán et al., 
2020; Khan et al., 2020; Noorisameleh et al., 2020; Salehnia et al., 2020), fewer studies have been 
conducted on predicting drought conditions in southwestern Iran, even though their impacts in 
this region have been severe (Madani, 2014; Fattahi et al., 2015; Mirgol et al., 2021). Given that 
the vulnerability of events, such as drought event is a highly local phenomenon (Vaghefi et al., 
2019), it is essential to understand and recognize the impact of climate change on drought 
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changes in the local region, in order to make decisions on adapting to climate change and 
reducing future drought risks, especially in developing countries, which need to take stronger 
scientific actions and approaches to prepare for climate adaptation. Since low resolution is one of 
the serious limitations of using GCM data for regional or local scale studies, downscaled climate 
projections provide an excellent opportunity to use the GCMs for this purpose (Nam et al., 2015; 
Maraun, 2016; Vaittinada Ayar et al., 2016; Salehnia et al., 2019). In this regard, the NASA Earth 
Exchange Global Daily Downscaled Projections (NEX-GDDP) dataset released a set of global, 
bias-corrected, and downscaled CMIP5 GCMs (Thrasher and Nemani, 2015).  

Therefore, the objectives of this study are to evaluate the performance of CMIP5 GCMs for 
drought monitoring using SPI during the historical period (1990–2005), explore the uncertainties 
of GCMs to the drought index projections during the historical and future periods (2009–2099), 
and investigate the possible impacts of future-projected climate change on future meteorological 
drought during the 21st century in southwestern Iran. To achieve the objectives, we used seven 
GCMs provided by the NEX-GDDP for the historical and future periods under RCP4.5 and 
RCP8.5 scenarios based on SPI at one-month timescale. The results of this study can improve our 
understanding of drought conditions in the future under moderate and high RCP scenarios, and 
decision-makers will be able to take better actions to reduce damages in the future, thus 
improving drought risk management.  

2  Datasets and methods 

2.1  Study area 
This study is carried out in the Karoun River Basin (KRB) of southwestern Iran. The KRB 
(29°56ʹ–34°11ʹN, 47°44ʹ–51°59ʹE) has an area of about 6.73×103 km2. The Karoun River with a 
length of about 890 km is the most critical and complex river in Iran flowing into the Persian 
Gulf. Diverse topography in the KRB has led to different climatic conditions from wet to dry. One 
of the characteristics of the basin is significant changes in precipitation and temperature; for 
example, the precipitation in mountain areas exceeds 1000.0 mm, while the precipitation in some 
areas of the Khuzestan Plain is less than 200.0 mm. In this study, the daily precipitation of 13 
synoptic stations located in the KRB and its surroundings areas is used to calculate SPI during 
1990–2005 (as the historical period). Figure 1 shows the spatial distribution of synoptic stations 
in the KRB. The brief description of 13 synoptic stations, including elevation, average annual 
precipitation, annual average temperature, and climate type (based on climate classification by 
Rahimi et al. (2013)), is illustrated in Table 1. In this study, based on the Shuttle Radar 
Topography Mission (SRTM) Digital Elevation Model (DEM) with a resolution of about 30 m, 
we divided the study area into four distinct elevation classes: including Class 1 (–4.0–700.0 m), 
Class 2 (700.0–1660.0 m), Class 3 (1660.0–2430.0 m), and Class 4 (2430.0–4375.0 m). 

2.2  NASA Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) dataset 

The NEX-GDDP dataset consists of downscaled climatic data, including precipitation, maximum 
temperature, and minimum temperature, at a spatial resolution of 0.25°×0.25° and a daily scale. 
These data were derived from the CMIP5 GCMs. The historical data span from 1950 to 2005 and 
the future data are during 2009–2099 under RCP4.5 and RCP8.5 scenarios. In the NEX-GDDP 
dataset, we correcting and downscaling data have been done using the Bias-Correction Spatial 
Disaggregation (BCSD) method based on the Global Meteorological Forcing Dataset (GMFD) as 
observational climate data (Wood et al., 2002, 2004; Sheffield et al., 2006). This study provides a 
basic description of implementing the BCSD method to downscale the CMIP5 GCM data in the 
NEX-GDDP dataset. Fuller exposition of the BCSD method can be found in Thrasher et al. 
(2012) and Thrasher and Nemani (2015). The BCSD method consists of three main steps: 
preprocessing, bias-correction, and spatial disaggregation. In the bias-correction step, the bias of 
GCM data is corrected by comparing GCM data with GMFD historical data and finding a transfer 
function. The cumulative distribution function (CDF) of GMFD data and the CDF of retrospective 
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Fig. 1  Location and spatial distribution of synoptic stations in the Karoun River Basin (KRB) 
 

Table 1  Brief description of 13 synoptic stations in the Karoun River Basin (KRB) 

Synoptic station Elevation (m) 
Average annual 

precipitation (mm) 
Annual average 
temperature (°C) 

Climate type  

Abadan  6.6 174.3 25.9 Extra-arid 

Ahvaz 22.5 238.0 26.0 Arid 

Aligudarz 2022.1 394.8 13.2 Mediterranean 

Borujen 2260.0 255.2 12.8 Semi-arid 

Borujerd 1629.0 473.5 14.9 Mediterranean 

Bostan  7.8 211.3 24.1 Arid 

Khorramabad 1147.8 487.9 16.7 Semi-arid 

Kuhrang 2365.0 1406.8  9.9 Humid 

Masjedsoleyman 320.5 457.2 25.0 Semi-arid 

Ramhormoz 150.5 330.1 27.5 Arid 

Safiabad 82.9 349.5 24.6 Semi-arid 

Shahrekord 2048.9 327.3 11.9 Semi-arid 

Yasuj 1816.3 886.0 15.0 Humid 

Note: Classification of climate type is based on Rahimi et al. (2013). 

 
GCM simulations are generated, and then the two cumulative distribution functions are compared. 
GCM values in any CDF quantile can be translated to corresponding GMFD values in the same 
CDF quantile. The main assumption in correcting climate data in the future is that the CDF of the 
GCM simulations is stable across the retrospective and prospective periods. The spatial 
disaggregation interpolates the bias-corrected future GCM data from the GMFD data 
(0.25°×0.25°). The processes of spatial disaggregation include subtracting the coarse-scale spatial 
patterns of GMFD data from the bias-corrected future data to get the bias-corrected temporal 
scaling factors for each grid in the future period, interpolating temporal scaling factors from 
coarse-scale to targeted resolution (0.25°×0.25°), and adding the temporal scaling factors at the 
targeted resolution to the fine-scale spatial patterns of GMFD data (Thrasher et al., 2012). A total 
of seven GCMs from the NEX-GDDP dataset were used in this study, and their characteristics are 
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described in Table 2. Data downloaded from the Google Earth Engine (GEE) web platform 
(https://earthengine.google.com/) can process various data sets including the NEX-GDDP under 
RCP4.5 and RCP8.5 scenarios during the periods of 2009–2039, 2040–2069, and 2070–2099. 

 
Table 2  Details and characteristics of Global Climate Models (GCMs) used in this study 

NEX-GDDP  
resolution 

Original  
resolution 

Center GCM 

0.25°×0.25° 2.80°×2.80° Canadian Centre for Climate Modelling and Analysis in Canada CanESM2 

0.25°×0.25° 0.94°×1.25° National Center for Atmospheric Research in the United States CCSM4 

0.25°×0.25° 1.40°×1.40° National Centre for Meteorological Research in France CNRM-CM5 

0.25°×0.25° 2.00°×2.50° National Oceanic and Atmospheric Administration (NOAA),  
geophysical fluid dynamics laboratory in the United States 

GFDL-CM3 

0.25°×0.25° 1.25°×2.50° Institute Pierre-Simon Laplace in France IPSL-CM5A-MR 

0.25°×0.25° 1.40°×1.40° Meteorological Research Institute in Japan MRI-CGCM3 

0.25°×0.25° 1.40°×1.40° Atmosphere and Ocean Research Institute in the University of 
Tokyo, National Institute for Environmental Studies, and Japan 
Agency for Marine-Earth Science and Technology in Japan 

MIROC5 

Note: GCM, Global Climate Model; CanESM2, Canadian Earth System Model version 2; CCSM4, Community Climate System Model 
version 4; CNRM-CM5, Center National for Research Meteorological Climate Model version 5; GFDL-CM3, Geophysical Fluid 
Dynamics Laboratory Coupled Model version 3; IPSL-CM5A-MR, Institute Pierre Simon Laplace Climate Model phase 5 Atmospheric 
Mid Resolution; MRI-CGCM3, Meteorological Research Institute Coupled Global Climate Model version 3; MIROC5, Model for 
Interdisciplinary Research on Climate version 5; NEX-GDDP, NASA Earth Exchange Global Daily Downscaled Projections. 

 
2.3  Evaluation indices  

In this study, statistical metrics including correlation coefficient (CC; Pearson, 1896), root mean 
square error (RMSE; Hyndman and Koehler, 2006), standard deviation (SD; Pearson, 1894), and 
coefficient of variation (CV; Brown, 1998) were used to evaluate the performance of GCMs in 
estimating SPI. These evaluation indices can be calculated using the following equations:  
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where N is the sample size; Oi is SPI calculated from synoptic stations datasets in month i; Gi is 

SPI calculated from GCMs in month i; and O  and G  represent the mean values of synoptic 
stations datasets and GCMs, respectively. 

2.4  Uncertainty analysis 

We used Bootstrap algorithm to investigate the formation of uncertainty bounds. Bootstrap 
algorithm is a non-parametric, powerful, and computer-based resampling method for statistical 
inference without relying on too many assumptions. Bootstrap algorithm has the same idea as the 
Monte Carlo method, but one of its advantages is that it does not make any assumptions 
concerning the distribution of data used (Padiyedath Gopalan et al., 2019; Wilks, 2019). In this 
method, uncertainty bounds are calculated by sampling the original data, repeating this process in 
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large numbers (usually 1000 times), and calculating the mean and variance for each iteration. The 
workflow of Bootstrap algorithm is as follows: firstly, drawing a sample from the original data 
with replacement; secondly, calculating and storing the mean (or any other statistic metrics) of the 
resampled values; thirdly, repeating the previous two steps n times (n is a large number such as 
1000); fourthly, computing the mean of the calculated sample statistics; lastly, constructing a 
sampling distribution with these Bootstrap statistics and using it to make further statistical 
inferences such as obtaining uncertainty bounds. For more details, refer to Efron (1979), Efron 
and Gong (1983), and Efron and Tibshirani (1993).  
2.5  Classification of Standard Precipitation Index (SPI) 

SPI was developed by McKee et al. (1993) to assign a numerical value to precipitation for 
characterizing meteorological drought and comparing regions with different climates. Low 
computational complexity and flexibility over timescales are two prominent features of this index 
(Sternberg et al., 2011). Also, SPI is effective for analyzing wet periods and cycles as well as dry 
periods and cycles as it is normalized (Wu et al., 2001; SPI, 2020; Chikabvumbwa et al., 2022). 
SPI only needs precipitation values to describe drought and reflect the effect of drought on water 
resources, groundwater reserves, soil moisture, and river regime (Edwards, 1997). The calculation 
of SPI relies on fitting the gamma probability density function to the precipitation dataset (McKee 
et al., 1993). In this study, the software from National Drought Mitigation Center has been used to 
calculate SPI, which is freely available at https://drought.unl.edu/Monitoring/SPI/SPIPro 
gram.aspx. This study considers the one-month timescale for SPI calculation. Furthermore, we 
categorized SPI values according to the study conducted by McKee et al. (1993) (Table 3).  

 
Table 3  Classification of dry and wet conditions based on Standard Precipitation Index (SPI) 

Classification SPI Classification SPI 

Near normal –0.50≤SPI≤0.00 Near normal 0.00≤SPI≤0.50 

Abnormally dry –0.70≤SPI< –0.50 Abnormally wet 0.50<SPI≤0.70 

Moderately dry –1.20≤SPI< –0.70 Moderately wet 0.70<SPI≤1.20 

Severely dry –1.50≤SPI< –1.20 Severely wet 1.20<SPI≤1.50 

Extremely dry –2.00≤SPI< –1.50 Extremely wet 1.50<SPI≤2.00 

Exceptionally dry SPI< –2.00 Exceptionally wet SPI>2.00 

Note: Classification of SPI is based on McKee et al. (1993). 

3  Results and discussion 

3.1  Performance of Global Climate Models (GCMs) for estimating SPI during historical 
period 

In this study, seven bias-corrected GCMs from the NEX-GDDP datasets were considered for 
drought analysis. We evaluated the reliability of the historical GCMs in estimating SPI based on 
statistical metrics. The spatial distribution of RMSE and CC of SPI calculated based on GCMs 
and synoptic station as well as the spatial distribution of SD of SPI calculated from each GCM 
are shown in Figure 2. Findings indicate that the best performance in estimating SPI is assigned 
to the Meteorological Research Institute Coupled Global Climate Model version 3 
(MRI-CGCM3). Because the RMSE value is less than 0.75 in 77% of the synoptic stations. In 
addition, the SPI estimated by MRI-CGCM3 is in good agreement with the SPI calculated based 
on synoptic stations, and the value of CC is more than 0.60 in all stations. As presented in Figure 
2, models with lower performance include Center National for Research Meteorological Climate 
Model version 5 (CNRM-CM5), Community Climate System Model version 4 (CCSM4), and 
Institute Pierre Simon Laplace Climate Model phase 5 Atmospheric Mid Resolution 
(IPSL-CM5A-MR). The average value of RMSE in these models is high and more than 0.66. In 
contrast, the range of RMSE in MRI-CGCM3 is between 0.53 and 0.71, with an average value of 
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0.58. Other GCMs, including Canadian Earth System Model version 2 (CanESM2), Geophysical 
Fluid Dynamics Laboratory Coupled Model version 3 (GFDL-CM3), and Model for 
Interdisciplinary Research on Climate version 5 (MIROC5), have an appropriate performance. In 
these models (CanESM2, GFDL-CM3, and MIROC5), the value of CC obtained between the 
observed time series of SPI and the GCM time series of SPI is more than 0.61 in 70% of the 
synoptic stations, and the RMSE value is less than 0.65 in 50% of the synoptic stations. It should 
be noted that all models except IPSL-CM5A-MR are suitable in Southwest KRB. The value of 
SD in synoptic stations located in Southwest KRB is between 0.55 and 0.75. In contrast, the 
value of SD is higher in north and northeast synoptic stations, indicating that SPI in these areas 
is more dispersed. In addition, the average value of CC in this area is always more than 0.62, and 
RMSE is less than 0.59. 

 

Fig. 2  Spatial distribution of root mean square error (RMSE) and correlation coefficient (CC) of SPI calculated 
based on Global Climate Models (GCMs) and synoptic stations as well as spatial distribution of standard 
deviation (SD) of SPI calculated from each Global Climate Model (GCM). (a1–a3), Canadian Earth System 
Model version 2 (CanESM2); (b1–b3), Community Climate System Model version 4 (CCSM4); (c1–c3), Center 
National for Research Meteorological Climate Model version 5 (CNRM-CM5); (d1–d3), Geophysical Fluid 
Dynamics Laboratory Coupled Model version 3 (GFDL-CM3); (e1–e3), Institute Pierre Simon Laplace Climate 
Model phase 5 Atmospheric Mid Resolution (IPSL-CM5A-MR); (f1–f3), Model for Interdisciplinary Research on 
Climate version 5 (MIROC5); (g1–g3), Meteorological Research Institute Coupled Global Climate Model version 
3 (MRI-CGCM3). 

Due to the wide disparity among models, climate change projections are highly uncertain, 
leading to a significant impact on experts and managers who obtain climate change information. 
In this study, we used seven GCMs to reduce model uncertainty and increase their efficiency. The 
spatial distribution of CC, RMSE, and SD of SPI calculated from the average of all GCMs and 
observations is shown in Figure 3. Results indicate that the average of all GCMs leads to a 
significantly increasing correlation between calculated SPI and observed SPI. In more than 76% 
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of the synoptic stations, the value of CC between both datasets (average of all GCMs and 
observations) is always higher than 0.75; and in other stations, it ranges from 0.66 to 0.75. 
Findings based on RMSE illustrate that the errors in estimating SPI tend to decline when the 
average of all GCMs is used. For example, the lowest average value of RMSE among different 
models over the KRB is equal to 0.61, while using the average of all GCMs, the average value of 
RMSE decreases by about 21% (equal to 0.48). In addition, the calculation error of SPI in the 
highlands of the basin has been reduced, with the value of RMSE decreasing by about 18% to 
0.43. Furthermore, considering several GCMs instead of one GCM, the uncertainty has been 
decreased so that the range of SD reaches 0.46–0.65.  
 

 
 
Fig. 3  Spatial distribution of RMSE (a), SD (b), and CC (c) of SPI calculated from the average of all GCMs and 
observations 
 
3.2  Uncertainty analysis of GCMs in estimating SPI 

In order to evaluate the uncertainty, we calculated CV of all GCMs (Fig. 4). Results show that 
CCSM4 and MIROC5 have lower uncertainty. The CV of CCSM4 and MIROC5 is 3.50 in 85% 
and 54% of the synoptic stations, respectively. However, Song et al. (2020) showed that MIROC5 
has the highest uncertainty in estimating precipitation compared with the other GCMs. Therefore, 
although MIROC5 has high uncertainty in estimating precipitation, its uncertainty in drought 
analysis may be small. In contrast, based on CV value, CanESM2, IPSL-CM5A-MR, and 
MRI-CGCM3 have higher uncertainty in more than 50% of the synoptic stations. Therefore, it is 
recommended to use these models to estimate SPI and monitor drought.  

 
 

Fig. 4  Matrix plot of coefficient of variation (CV) between GCMs and synoptic stations. Class 1 (–4.0–700.0 m), 
Class 2 (700.0–1660.0 m), Class 3 (1660.0–2430.0 m), and Class 4 (2430.0–4375.0 m) are four distinct elevation 
classes that are divided based on the Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM). 
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It can be seen from Figure 4 that the uncertainty is unevenly distributed in space. As shown in 
Figure 4, the uncertainty of all GCMs tends to increase in the north, east, and southeast of the 
basin, including Aligudarz, Borujen, Borujerd, Khorramabad, Kuhrang, Shahrekord, and Yasuj 
stations; while in other regions, the uncertainty is lower. The results demonstrate that the 
performance of GCMs in estimating SPI is slightly improved and the uncertainty of the model is 
reduced by reducing the elevation to the range of Class 1. In addition, this trend is more obvious 
in CanESM2 and IPSL-CM5A-MR (Fig. 4). Among different models, CCSM4 and MIROC5 have 
a better performance and are positively correlated with the observed data in most elevation 
classes, and the values of CV and CC are always less than 4.50 and higher than 0.51, respectively. 
In addition, we calculated uncertainty bounds of each GCM using the non-parametric Bootstrap 
algorithm. The results of 95% uncertainty bounds of each GCM for each station are presented in 
Table 4. It can be seen that CCSM4 has fewer uncertainty bounds in 69% of the synoptic stations. 
For example, the uncertainty bounds of CCSM4 in Ahvaz, Safiabad, and Shahrekord stations are 
0.36–0.52, 0.21–0.39, and 0.10–0.31, respectively; while the uncertainty bounds of CanESM2 in 
Ahvaz, Safiabad, and Shahrekord stations are 0.23–0.41, 0.14–0.34, and 0.06–0.28, respectively 
(Table 4). The results show that different GCMs have various responses in estimating SPI and 
meteorological drought analysis. Similarly, Wu et al. (2021) found that the most significant 
uncertainty contribution in drought projections comes from GCMs. Bias-correction method can 
also reduce this uncertainty, especially in the northern hemisphere. The results demonstrate that 
the width of uncertainty bounds is very high in elevated areas. 

 
Table 4  Results of 95% uncertainty bounds of each GCM for 13 synoptic stations during historical period 

Synoptic station 
GCM 

Borujerd Borujen Aligudarz Ahvaz Abadan 

0.00–0.24 0.04–0.26 –0.01–0.23 0.23–0.41 0.24–0.42 CanESM2 

0.07–0.29 0.12–0.32 0.06–0.28 0.36–0.52 0.31–0.48 CCSM4 

0.04–0.26 0.08–0.29 0.07–0.29 0.26–0.44 0.27–0.44 CNRM-CM5 

0.06–0.28 0.12–0.33 0.04–0.27 0.24–0.42 0.30–0.47 GFDL-CM3 

0.02–0.25 0.09–0.30 0.03–0.25 0.32–0.48 0.48–0.62 IPSL-CM5A-MR 

0.03–0.26 0.06–0.28 0.03–0.25 0.25–0.43 0.27–0.45 MRI-CGCM3 

0.05–0.27 0.08–0.29 0.07–0.28 0.22–0.40 0.28–0.45 MIROC5 

Ramhormoz Masjedsoleyman Kuhrang Khorramabad Bostan GCM 

0.19–0.38 0.20–0.38 0.05–0.27 0.01–0.25 0.21–0.40 CanESM2 

0.25–0.43 0.21–0.40 0.10–0.31 0.10–0.31 0.28–0.45 CCSM4 

0.22–0.41 0.22–0.41 0.08–0.30 0.05–0.27 0.22–0.40 CNRM-CM5 

0.18–0.37 0.17–0.37 0.07–0.29 0.05–0.28 0.23–0.41 GFDL-CM3 

0.31–0.48 0.19–0.38 0.06–0.28 0.02–0.25 0.32–0.48 IPSL-CM5A-MR 

0.20–0.39 0.21–0.39 0.09–0.30 0.04–0.26 0.23–0.41 MRI-CGCM3 

0.20–0.39 0.22–0.40 0.07–0.29 0.05–0.27 0.25–0.43 MIROC5 

  Yasuj Shahrekord Safiabad GCM 

  0.05–0.27 0.06–0.28 0.14–0.34 CanESM2 

  0.11–0.32 0.10–0.31 0.21–0.39 CCSM4 

  0.07–0.29 0.10–0.31 0.16–0.35 CNRM-CM5 

  0.13–0.33 0.08–0.29 0.16–0.36 GFDL-CM3 

  0.11–0.32 0.07–0.28 0.18–0.37 IPSL-CM5A-MR 

  0.07–0.28 0.08–0.29 0.15–0.35 MRI-CGCM3 

  0.10–0.31 0.06–0.28 0.18–0.37 MIROC5 
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Time series of SPI along with their uncertainty bounds among GCMs is presented in Figure 5. 
Due to the large outputs, only the time series of the average of GCMs and observations in each 
elevation class, namely Class 1 (Ramhormoz station), Class 2 (Khorramabad station), Class 3 
(Borujen station), and Class 4 (Kuhrang station), is shown. As shown in Figure 5, GCMs tend to 
underestimate SPI variability, especially when capturing extreme dry and wet events (Fig. 5c). 
The temporal variability of SPI tends to be smaller in the Ramhormoz station (Fig. 5a). The 
results demonstrate that predictions are far less reliable when only one or a limited number of 
GCMs are considered to assess climate change. These results are in good agreement with some 
studies comparing multiple GCMs, which have highlighted the significant reliance on models for 
prediction (Sunyer et al., 2015; Osuch et al., 2016; Xu et al., 2019; Wu et al., 2020). Sunyer et al. 
(2015) assessed and compared six GCMs. They concluded the large variability in climate models 
and recommended using a set of climate models for prediction. Overall, it is clear that using the 
average of GCMs has acceptable efficiency in capturing wet and dry events in wet and dry years. 
Therefore, the results of validation process show that the NEX-GDDP can be considered as a 
valuable dataset for the analysis of meteorological drought and the simulation of wet and dry 
conditions. 

 

 

Fig. 5  Time series of SPI in each elevation class during 1990–2005. (a), Class 1 (Ramhormoz station); (b), Class 2 
(Khorramabad station); (c), Class 3 (Borujen station); (d), Class 4 (Kuhrang station). 
 

3.3  Projection of drought conditions based on SPI 

In order to further understand the possible drought and wetness occurred in the KRB, we also 
analyzed the drought and wetness frequency for each station under RCP4.5 and RCP8.5 
scenarios during historical and future periods (Figs. 6 and 7). According to Figure 6, the areas 
most affected by drought are the northern regions. However, the wetness frequency is higher 
than drought frequency over the basin during the historical period, especially in the upper and 
middle basin. Accordingly, the range of wetness frequency in these regions is between 41% and 
45% (Fig. 7). In contrast, the magnitude of drought frequency varies from 5% to 35%. Under 
RCP4.5 and RCP8.5 scenarios, drought frequency shows an increasing pattern in North KRB. 
Drought frequency during 2070–2099 is slightly more than that during 2009–2039 and 
2040–2069. Compared with RCP4.5, the increase of drought frequency under RCP8.5 scenario 
covers a wider range of the basin.  

Unlike drought frequency, it is quite evident that the magnitude of wetness frequency decreases 
with time. It should be noted that although there is an increasing trend under RCP4.5 scenario  
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Fig. 6  Spatial distribution of drought frequency during 1990–2005 (a), 2009–2039 (b and e), 2040–2069 (c and 
f), and 2070–2099 (d and g) under RCP4.5 and RCP8.5 scenarios 

 

Fig. 7  Spatial distribution of wetness frequency during 1990–2005 (a), 2009–2039 (b and e), 2040–2069 (c and 
f), and 2070–2099 (d and g) under RCP4.5 and RCP8.5 scenarios 

during 2009–2039, wetness frequency decreases significantly during other periods. Results 
demonstrate that lower wetness frequency varies from 37% to 39% and covers about 25% of the 
KRB area during historical period. The area with the lowest wetness frequency is equivalent 31% 
and 19% of the basin area under RCP4.5 and RCP8.5 scenarios during 2040–2069, respectively. 
During 2070–2099, under RCP4.5 and RCP8.5 scenarios, the area with wetness frequencies of 
35% to 37% increases to 19% and 77%, respectively. Therefore, central, northern, and eastern 
regions of the basin are likely to have a lower wetness frequency during this period. According to 
the study conducted by Soltani et al. (2016), which examined the changes in precipitation across 
Iran during 1975–2010, they found that the largest downward trend was seen in the western part of 
the country. As the reduction of precipitation is one of the reasons for the intensification of drought 
in the region, it can be said that this phenomenon is consistent with the results of this study. 

Overall, the projected change in drought and wetness frequency has shown an increase in 
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drought and a decline in wetness events, which can eventually reduce water stock and resources 
of the basin. Therefore, if decision-makers do not take effective measures to reduce drought and 
its consequences, the north, east, and southeast parts of the KRB will face significant damage 
from agricultural, social, economic, and other sectors. In addition, given that flood and drought 
are two extremes of a hydrological cycle (Ward et al., 2020), in several regions of the USA and 
Australia, drought has led to devastating floods and severely affected the environment and 
economy (Van Dijk et al., 2013; Vahedifard et al., 2017). It is important to consider the 
interactions between these closely-linked phenomena in the forthcoming study in order to manage 
and reduce damages in this basin. 

We calculated the average of SPI during historical and future periods under RCP4.5 and 
RCP8.5 scenarios in each climatological season, including spring, summer, autumn, and winter. 
The results of six synoptic stations are shown in Figure 8. 

 

Fig. 8  Seasonal variations of SPI under RCP4.5 and RCP8.5 scenarios in Kuhrang (a1 and a2), Borujen (b1 and 
b2), Yasuj (c1 and c2), Aligudarz (d1 and d2), Borujerd (e1 and e2), and Khorramabad (f1 and f2) stations. Bars 
represent standard errors. 

The results show that the GCMs projections have significant seasonal changes. The value of 
SPI in Kuhrang station during historical period under RCP4.5 scenario is equal to 0.73, while the 
value decreases by 0.5%, 7.8%, and 16.5% during 2009–2039, 2040–2069, and 2070–2099, 
respectively, under RCP4.5 scenario. The value of SPI increases by 2.0%, 8.5%, and 17.6% under 
RCP8.5 scenario during 2009–2039, 2040–2069, and 2070–2099, respectively. It should be noted 
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that the decreasing trend is more conspicuous in northern regions (including Aligudarz, Borujerd, 
and Khorramabad stations). As indicated by Haile et al. (2019, 2020), drought trends have 
increased in spring, which is consistent with the results of this study. In summer, the value of SPI 
has generally decreased with time, but its intensity is lower than that in spring. As shown in 
Figure 8, autumn is most affected by dry events, and the average value of SPI for all periods in 
this season is negative. The important point is that the change of drought index in autumn does 
not follow a specific trend, and in many stations, the change is not significant. These results are 
consistent with the study conducted by Ababaei and Ramezani Etedali (2019), who investigated 
the spatiotemporal variations of drought indices in Iran. Their results show that there is no 
significant trend in the value of SPI in autumn in western and southwestern Iran. Based on the 
results, although SPI increased from 2009 to 2039, it shows a downward trend in winter during 
2040–2069 and 2070–2099 compared with the historical period. The average value of SPI in 
Yasuj station is estimated to be about 0.26 in winter during historical period. During 2009–2039, 
2040–2069, and 2070–2099, SPI is 0.29, 0.27, and 0.21 under RCP4.5 scenario, respectively; and 
it is 0.28, 0.25, and 0.23 under RCP8.5 scenario, respectively. The decrease of SPI in winter may 
mean that the number or intensity of dry periods in this season increases. The projected trend is of 
highly relevant to agriculture and water management and may severely affect these sectors. The 
decrease of SPI in winter is due to insufficient precipitation, which will lead to a reduction in the 
recharge of underground aquifer. Therefore, owing to the changes of agricultural water resources 
and the reduced availability of soil moisture, rainfed agriculture is affected and the production 
and crop yields are reduced, thus increasing crop damage. As a result, the economy and livelihood 
of the majority of the rural inhabitants and farmers who heavily rely on rainfed subsistence 
agriculture will be seriously damaged. Therefore, the impact on the future agricultural is likely to 
be mostly negative under RCP4.5 and RCP8.5 scenarios. The higher average SPI value is seen in 
spring, so it is recommended to plant in spring to reduce agricultural damages of climate change 
in the KRB. To sum up, it can be said that drought monitoring under climate change scenarios on 
a seasonal scale is more necessary and applicable than that on an annual scale. On the other hand, 
the changes in drought and wetness events may be due to global warming, and are likely 
attributed to decreased precipitation or increased temperature (Dai, 2013). Therefore, it is 
suggested to consider the role of other parameters in the future research. 

4  Conclusions 
Climate change makes it cumbersome to understand the future meteorological drought 
characteristics on the regional scale. In addition, investigating the drought patterns under climate 
change scenarios is vital to address various risks of future drought. In this study, we used SPI to 
conduct a special study on the meteorological drought conditions under RCP4.5 and RCP8.5 
scenarios in southwestern Iran at one-month timescale. The results illustrate that MRI-CGCM3 
depicts the best results and has the highest CC and the lowest RMSE in all synoptic stations 
compared with the observed SPI during historical period. In contrast, the least performance 
belongs to CNRM-CM5, CCSM4, and IPSL-CM5A. According to the results, the performance of 
GCMs is unevenly in space, and GCMs used in this study have varios uncertainty degrees in 
different elevation classes for drought index estimation. As a result, using the average of a few 
GCMs to minimize uncertainties and errors is recommended. Uncertainty analysis of the impacts 
of climate change on drought shows that the projected drought under RCP8.5 has more 
uncertainties during 2009–2039 and 2040–2069. Based on the results, some regions like the 
northern parts of KRB will suffer from an increase in drought frequency, and regions such as the 
east and center parts of the basin will experience a decrease in the frequency of wet events in the 
future. The results of this study can be used to develop adaptation and mitigation plans to deal 
with the risks caused by climate change in Southwest Iran. Since the results of this study may 
change due to various occurrences of natural climate variability, these findings should be 
considered as possible events affected by future climate.  
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