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Abstract
In recent years, greenhouse gas emissions have caused extensive changes in the global climate. Climate change leads to 
extreme events, such as droughts. The present study investigates precipitation and temperature variations and the past and 
future drought characteristics in Iran through data from 40 synoptic stations and 33 general circulation models (GCMs) under 
RCP4.5 and RCP8.5 scenarios. As a first step, the country of Iran was classified into different climatic regions based on De 
Martonne aridity index. The GCMs were ranked using TOPSIS in four climatic regions and an ensemble of top ten GCMs was 
used in each region. Furthermore, the homogeneity of monthly precipitation was studied in the baseline and future periods. 
Meteorological drought was calculated through the standardized precipitation index (SPI), deriving drought severity, peak, 
and duration based on run theory. The results revealed that precipitation will reduce in future periods in the majority of Iran 
and temperature will reduce in the south and southeast and will increase in the northwest and north of Iran. Furthermore, the 
highest drought severity and peaks will occur in semi-arid and arid regions, while the longest drought duration will happen 
in the southeast and west of Iran. Overall, future droughts are found to have higher severity, duration, peaks, and standard 
deviation than the baseline period. Also, the results showed a reducing trend of the SPI values in northwestern regions, while 
the other stations indicated no significant trend.
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Introduction

Although the emissions of greenhouse gases (GHG), e.g., 
CO2, began in the late nineteenth century, such emissions 
have rapidly increased in the past 50 years on account of the 
accelerated industrialization of countries. Increased GHG 
emissions raise the air temperature over time, leading to 
climate change and global warming (Esmaeili-Gisavandani 
et al. 2021). Climate change observations in many countries 
have shown that this phenomenon leads to reduced precipi-
tation in semi-arid and arid climates and increased precipi-
tation in humid climates (Feng et al. 2014). For example, 
Sahour et al. (2020) showed increased aridity (decreased 
precipitation and increased evaporation) in most Middle 

Eastern countries from 1948 to 2018, and My et al. (2022) 
showed an increasing trend of temperature and a decreas-
ing trend of winter precipitation in southern Italy (with a 
Mediterranean climate) from 1956 to 2019. In mountainous 
regions, precipitation increases, but evaporation and aridity 
decrease (Zhang et al. 2023).

Arid and semi-arid climates account for the majority of 
Iran. Numerous studies focused on climate change outcomes 
in Iran through the outputs of GCMs, e.g., climate change 
impacts on precipitation and temperature.

Abarghouei et al. (2011) studied the drought trend and 
variations in different parts of Iran. The results indicated a 
reducing trend of drought in many Iranian regions, particu-
larly the southeast, western, and southwestern parts. They 
reported that drought severity had increased in most regions 
in the past 30 years. Tabari et al. (2012) investigated pre-
cipitation and drought severity of 10 synoptic stations in 
the east of Iran during 1966–2005. The results revealed that 
precipitation and drought variation severity increased with 
aridity in the south of the case study region. All the stud-
ied stations experienced at least one severe drought in the 
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study period, most of which occurred in winter. Golian et al. 
(2015) examined agricultural and meteorological droughts 
and their trends in 6 provinces of Iran from 1980 to 2013. 
They used the standardized precipitation index (SPI) and 
standardized streamflow index (SSI) for agricultural and 
meteorological droughts and the multivariate standard-
ized drought index (MSDI) for meteorological-agricultural 
droughts. A significant reduction was observed in the pre-
cipitations of the northern, northwestern, and central parts at 
a confidence level of 95%. Dashtpagerdi et al. (2015) studied 
drought severity and magnitude based on SPI in different 
periods at 25 synoptic meteorological stations in arid and 
semi-arid Iranian regions during 1975–2005. They demon-
strated that, in general, the arid and semi-arid regions of 
Iran had reducing SPI trends and increasing droughts. Najafi 
and Moazami (2016) analyzed precipitation trends and the 
frequency and magnitude of extreme precipitations in Iran 
during 1969–2009 using 187 gauging stations. The results 
showed a reducing trend of annual precipitation, particu-
larly in the north, west, and northwest of Iran. According to 
the results, the northwest of Iran had a reducing trend not 
only in precipitation but also in the frequency and magni-
tude of extreme precipitations. Zarei and Eslamian (2017) 
studied the precipitation trend and SPI using meteorological 
data from 20 synoptic stations in the south of Iran during 
1985–2013. They identified two drought periods, including 
1998–2003 and 2010–2012. Also, it was found that precipi-
tation had reducing trends in spring and winter. Alizadeh-
Choobari and Najafi (2018) investigated climate change and 
its impacts on some extreme meteorological events using 
daily temperature and precipitation data during 1951–2013. 
They reported that Iran temperature increased by 1.3 °C 
in this period. Also, they reported an increasing trend of 
hot events and a reducing trend of cold events. Precipita-
tion declined by 8 mm per decade due to the greater trans-
mission of water vapor in subequatorial regions to higher 
latitudes before the formation of precipitation. Darand and 
Sohrabi (2018) identified and evaluated the drought- and 
flood-prone regions by analyzing the daily precipitation 
variations of 1437 stations in Iran from 1962 to 2013. They 
showed that the northwest, arid, and semi-arid regions of 
Iran were most likely to experience droughts. Abbasian 
et al. (2019) evaluated the performance of general circula-
tion models (GCMs) in the simulation of temperature and 
precipitation in Iran during 1901–2005. They employed Cli-
matic Research Unit (CRU) data as the baseline dataset. The 
results suggested the higher performance of GCMs in tem-
perature simulation than in precipitation simulation in Iran. 
The models CMCC-CMS and MRI-CGCM3 were found to 
have the highest performance in temperature and precipita-
tion simulation. Vaghefi et al. (2019) utilized the minimum/
maximum temperature and precipitation distribution of 122 
stations for the baseline of 1980–2004 and projected extreme 

temperature and precipitation events and six large resulting 
flash flood events. They employed five GCMs in simula-
tion. The results implied a climate with long-scale droughts 
and fluctuating severe precipitations, suggesting that some 
regions in Iran might become uninhabitable. Sharafati et al. 
(2020) calculated SPI and identified drought characteristics 
of 102 synoptic stations in Iran. They studied the trends of 
the drought characteristics in different climates in Iran. They 
observed that short-term droughts ( ≤ 6 months) were more 
severe in the north and northwest of Iran, while long-term 
droughts (> 6 months) were more severe in the southern, 
southwestern, and southeastern regions. Also, the northwest 
of Iran was more sensitive to drought severity, duration, and 
peak. Doulabian et al. (2021) exploited 6 synoptic stations in 
Iran and investigated the impacts of climate change on pre-
cipitation and temperature using 25 GCMs under scenarios 
RCP2.6, RCP4.5, and RCP8.5. The results showed increased 
temperatures in all the regions and all the months; however, 
precipitation was found to fluctuate. They suggested that it 
was important to select an ensemble of GCMs to examine 
hydroclimatic changes.

There are many studies which investigated the impact 
of climate change on precipitation and temperature (Adib 
and Marashi 2019; Mo et al. 2019; Ghasemi et al. 2022; 
Dlamini et al. 2022), runoff (Ahmadianfar and Zamani 2020; 
Adib et al. 2021; Ghafouri-Azar et al. 2021; Lotfirad et al. 
2022a), groundwater (Sharma et al. 2015; Jeihouni et al. 
2019), flood (Modarres et al. 2016; Maghsood et al. 2019), 
drought (Bahrami et al. 2019) and crop yield (Chen et al. 
2013; Vaghefi et al. 2015; Hadinia et al. 2017). In this study, 
33 GCMs were used to assess the impact of climate change 
on precipitation and temperature in Iran. A major innovation 
in this study is the climate zoning of Iran and the selection 
of the best GCMs using TOPSIS in each climate region. 
The trend and characteristics of future droughts in each 
zone are calculated. It is vital to understand meteorological 
droughts, precipitation, and temperature variations, as well 
as drought trends and characteristics for making effective 
policy decisions in Iran in future.

The phases of the present research include: (1) evaluating 
the performance of 33 GCMs based on the AR5 report in the 
simulation of rainfall and temperature in the baseline period 
of 1966–2005, (2) classifying Iran into four climates based 
on the De Martonne climatic classification, (3) selecting 
the top ten GCMs in each climate using the TOPSIS multi-
criteria decision analysis, (4) using the ensembles of the top 
GCMs of each climate, (5) extracting the climatic variables 
of the top GCMs in future period under the scenarios 
RCP4.5 and RCP8.5, (6) utilizing the change factor method 
(CFM) to downscale the temperature and precipitation 
variables, (7) calculating SPI in future and baseline periods 
under the scenarios RCP4.5 and RCP8.5, (8) identifying 
drought characteristics, e.g., severity, peak, and duration in 



Applied Water Science (2023) 13:133	

1 3

Page 3 of 20  133

future and baseline periods, and (9) investigating the spatial 
variation trends of the drought characteristics in future and 
baseline periods.

Materials and methods

Case study

Iran is situated in Southwest Asia with an area of 1,648,195 
km2. Iran has different climates due to its extensive area 
covering different latitudes and elevations, the presence of 
the Alborz and Zagros Mountains in the north and west of 
the country, respectively, and large deserts in the central and 
eastern parts. Overall, the dominant climate of Iran is arid 
and semi-arid as it is located in the arid belt of the Northern 
Hemisphere. The annual mean precipitation and temperature 
are 235.2 mm and 15.82 °C respectively.

Data and analysis

Climatic data

The present study utilized monthly precipitation and tem-
perature data (prepared by the Iran Meteorological Organiza-
tion) from 40 synoptic stations throughout Iran (Fig. 1) dur-
ing 1966–2005 as the baseline period (Table 1). A few gaps 

in the precipitation time series were reconstructed using the 
CRU re-analysis database. In fact, the number of missing 
data was negligible and data integrity was not compromised. 
The maximum number of missing data is 3 months at Bam 
station from January to March 2004 (due to the earthquake).

De Martonne climatic classification

The De Martonne aridity index is based on the aridity index 
I = P/(T + 10), in which T is the average temperature (°C), 
while P is the average annual precipitation in mm (Rahimi 
et al 2013). The gridded precipitation and temperature data 
of the CRU TS4.03 in the NetCDF format with the spatial 
resolution of 0.5° from 1966 to 2005 were extracted for Iran 
using ArcGIS V.10.2. The temperatures and precipitations of 
CRU cells were compared with those of the corresponding 
synoptic stations. CRU data are gridded. Therefore, the 
validity of the data of each cell can be compared with the 
data of the station located inside the desired cell (Jafarpour 
et al. 2022).

GCM outputs

33 GCMs of the inter-government panel on climate change 
(IPCC) the coupled model inter-comparison project—phase 
5 (CMIP5) with a spatial resolution of 0.5° were subjected 
to bias correction (BCSD) which is a trend-preserving 

Fig. 1   Location of stations used 
in this study
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statistical downscaling algorithm, which has been widely 
used to generate accurate and high-resolution data sets 
(Abatzoglou and Brown 2012). The website of http://​gdo-​
dcp.​ucllnl.​org was used for downloading of data. The peri-
ods of 1966–2005 and 2030–2069 were applied (the future 
period under the scenarios of RCP4.5 and RCP8.5). These 
NetCDF data were extracted in ArcGIS V.10.2.

Performance criteria

So as to evaluate the efficiency of the GCMs in precipitation 
simulation, the long-term precipitation data of the 
GCMs during 1966–2005 were compared to the baseline 
precipitation data of the synoptic data through five common 
criteria, including Pearson’s correlation coefficient (R), 
Nash–Sutcliffe efficiency (NSE), Taylor skill score (ST), 
root-mean-square error (RMSE), and mean absolute 
percentage error (MAPE). Lower RMSE and MAPE values 
and closer R, NS, and ST values to 1 would imply more 
realistic GCM precipitation projections. The evaluation 
criteria are:

where Xobs denotes baseline data, Xcal is calculated data, 
X
i

obs
 is the average baseline temperature (precipitation), 

and n is the number of months. Also, R is the coefficient 
of correlation between the baseline and calculated data, R0 
is the maximum theoretical value of the linear correlation 
coefficient, σ is the ratio of the calculated standard deviation 

(1)R =

n∑
i=1

�
Xi
Cal

− XCal

��
Xi
Obs

− XObs

�

�
n∑
i=1

�
Xi
Cal

− XCal

�2

�
n∑
i=1

�
Xi
Obs

− XObs

�2

(2)
RMSE =

�����
n∑
i=1

�
Xi
Obs

− Xi
Cal

�2

n

(3)NS = 1 −

N∑
i=1

�
Xi
Cal

− Xi
Obs

�2

N∑
i=1

�
Xi
Obs

− XObs

�2

(4)MAPE =
1

n

n∑
i=1

|||||
Xi
Obs

− Xi
Cal

Xi
Obs

|||||
× 100

(5)ST =
4(1 + R)k(

� +
1

�

)2

(1 + R0)
k

to the baseline standard deviation, and K is the order of 
formula (recommended to be 4 for the temperature and 2 
for precipitation) (Taylor 2001).

TOPSIS ranking of the GCMs

Hwang and Yoon (1981) proposed a performance ranking 
technique. The technique operates on the grounds of mutual 
difference. Hence, the best alternative is the lowest difference 
from the ideal solution and the highest difference from the 
non-ideal solution. After performing the De Martonne aridity 
index and evaluating the precipitation of the period of the 
GCMs based on the baseline precipitation during 1966–2005, 
the GCMs were ranked in the four climates based on TOPSIS. 
TOPSIS has been employed in many hydrological and climate 
change studies (see Farajpanah et  al. 2020; Zamani and 
Berndtsson 2019).

GCMs ensemble

As mentioned, a period of 2030–2069 was considered as 
the future period. To minimize uncertainty-induced errors 
in climate change research, one should not use a single 
model and a single scenario. Depending on the research 
objectives, at least two models and several scenarios should 
be employed. Using of different GCMs can reduce the 
created uncertainty by a single GCM (Gholami et al. 2023).

A larger model weight in simulations represents a smaller 
uncertainty-induced error. The present study adopted the 
combined weighting of the GCMs.

where R is the linear correlation coefficient, σ(Pobs) is the 
baseline precipitation standard deviation, σ(Tobs) is the 
baseline temperature standard deviation, Pobs is the baseline 
precipitation, Tobs is the baseline temperature, PGCM denotes 
the GCM precipitation, and TGCM stands for the GCM 
temperature. The values of g1–g5 were calculated for each 
model, weighting the models as:

(6)g1 = R(PGCM,Pobs)

(7)g2 = R(TGCM, Tobs)

(8)g3 =
�(Pobs)

RMSE(Pobs)

(9)g4 =
�(Tobs)

RMSE(Tobs)

(10)g5 =

[
1 −

(||R(Pobs, Tobs) − R(PGCM − TGCM)
||

2

)]

http://gdo-dcp.ucllnl.org
http://gdo-dcp.ucllnl.org
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Finally, the average simulated variables (precipitation and 
temperature) can be obtained using the model weights and 
model ensembles as:

where i represents the models, W is the model weight, 
and X is the average projected variable (precipitation or 
temperature) of the model ensemble (Coppola et al. 2010).

Change factor method

Once the data of the GCM models had been extracted in 
ArcMap, the change factor method (CFM) was employed 
based on the long-term average precipitation and temperature 
data of the models. To calculate climate change in each 
model, the average monthly temperature difference (Eq. 13) 
and precipitation ratio (Eq. 14) were calculated for the future 
(2030–2069) and baseline (1966–2005) periods:

(11)wi = g1 × g2 × g3 × g4 × g5

(12)X =

∑
i WiXi∑
i Wi

(13)ΔTi =
(
T
future

GCMi
− T

base

GCMi

)

where ΔPi and ΔTi represent the precipitation and 
temperature climate change scenarios for the average long-
term values of forty years, respectively, T

future

GCMi
 and P

future

GCMi
 

stand for the average simulated future temperature and 
precipitation, respectively, and T

base

GCMi
 and P

base

GCMi
 are the 

average simulated baseline temperature and precipitation, 
respectively.

Once the time-series of the future climatic scenarios 
had been obtained, the baseline climate change scenarios 
(1996–2005) were added:

where Ti,j denotes the projected future temperature, Pi,j 
represents the projected future precipitation, Tobsij is the 
baseline temperature, and Pobsij

 is the baseline precipitation 
(Ashofteh et al. 2013).

The values of ΔPi and ΔTi are shown for several synoptic 
stations under RCP4.5 and RCP8.5 scenarios (Figs. 2 and  
3).

(14)ΔPi =

⎛
⎜⎜⎝
P
future

GCMi

P
base

GCMi

⎞
⎟⎟⎠

(15)Ti,j = Tobsi,j + ΔTi

(16)Pi,j = Pobsi,j
× ΔPi

Fig. 2   The value of ΔP
i
 for several synoptic stations under RCP4.5 and RCP8.5 scenarios in different months
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Standardized precipitation index (SPI)

SPI can be calculated for all the regions based on 
precipitation data. It was proposed by Mckee et al. (1993). 
To calculate SPI, the gamma probability distribution was 
used (Tigkas et  al. 2015). The gamma distribution was 
fitted to the monthly precipitation data to calculate SPI. 
Thom (1958) modified the equation for months with zero 
precipitation typically occurring in arid and semi-arid 
climates. SPI was calculated for the future and baseline 
periods under the scenarios of RCP4.5 and RCP8.5 at a 
12-month time scale. Run theory was adopted to analyze 
the drought characteristics, extracting and examining the 
duration, severity, and peak of each drought event (Lotfirad 
et al. 2022b).

Alexanderson’s SNHT test

Alexandersson (1986) presented the standard normal 
homogeneity test (SNHT) to find the variations of monthly 
precipitation data series. In this test, the t-value modified by 
Khaliq and Ouarda (2007) is calculated as:

(17)

⎧⎪⎪⎨⎪⎪⎩

T = max
�
𝜈Z

2

1
+ (n − 𝜈)Z

2

2

�
1 ≤ 𝜈 < n

Z1 =
1

𝜈

𝜈∑
i=1

Zi

Z2 =
1

n−𝜈

n∑
i=𝜈+1

Zi

where n is the number of baseline data points,Z1 is the 
average Z before the variation,Z2 is the average Z after 
the variation, and v is the most probable time of an abrupt 
change in the data (that is, the last time in the partial time 
series with an average of Z1 ). The present study exploited the 
SNHT at a confidence level of 95% for 10,000 data points 
using the Monte Carlo method in order to generate standard 
random normal numbers (Khaliq and Ouarda 2007). The 
precipitation time series is homogeneous when the t-value 
is below the threshold of the 95% confidence level.

Mann–Kendall trend test

Many methods have been introduced to project trends in 
time series, including the nonparametric Mann–Kendall test. 
This test was first developed by Mann (1945) and extended 
by Kendall (1975). This nonparametric method can calculate 
variations in the time unit. The s-value in the Mann–Kendall 
test is obtained as:

(18)S =

n−1∑
i=1

n∑
j=i+1

sign(xj − xi)

(19)Sign(xj − xi) =

⎧⎪⎨⎪⎩

+1 when(xi − xj) > 0

0 when(xi − xj) = 0

−1 when(xi − xj) < 0

Fig. 3   The value of ΔT
i
 for several synoptic stations under RCP4.5 and RCP8.5 scenarios in different months
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where xi is data point i, xj is data point j, Sign is the sign 
function, and ZMK indicates the significance of the time 
series trend as:

In the Mann–Kendall test, ZMK values from − 1.96 to 1.96 
represent insignificant trends at a confidence level of 95%. 
Also, ZMK > 1.96 and ZMK < 1.96 imply increasing and 
reducing trends at a confidence level of 95%, respectively. 
To evaluate the trend of SPI, the present study employed 
the Mann–Kendall test at a 95% confidence level (Lotfirad 
et al. 2021).

Results

Precipitation data quality of the stations

The monthly precipitation data of the 40 stations suggested 
homogeneous data in future and baseline periods, accord-
ing to the SNHT results. Figure 4 depicts the SNHT results 
of the 40 stations. The red-dotted line represents the SNHT 
threshold. As can be seen, the t-value is below the threshold 
at all the stations (the rainfall data of all the stations are 
homogeneous).

De Martonne classification

The monthly precipitation and temperature data of the 
baseline period at the studied stations were compared with 
the CRU re-analysis data. Except for precipitation at the 

(20)ZMK =

⎧
⎪⎨⎪⎩

S−1√
Var(S)

when S > 0

0 when S = 0
S+1√
Var(S)

when S < 0

southern coasts of the Caspian Sea with a perhumid cli-
mate, the CRU data had very good performance for the other 
regions. The results suggest higher performance in tempera-
ture simulation than precipitation simulation. As precipita-
tion varies more than temperature, and precipitation doesn't 
occur every day of the year, the temperature results had a 
lower degree of uncertainty than precipitation results. Tem-
perature variations occur in a smaller range and are more 
stable in nature. Furthermore, the temperature can be more 
easily and accurately measured with lower errors. This is 
in agreement with the earlier studies (Abbasian et al. 2019; 
Doulabian et al. 2021). A total of 688 CRU re-analysis cells 
covered the entire Iran. The zoning map of the De Martonne 
aridity index was developed using the CRU temperature and 
precipitation data. The area of Iran was divided into six cli-
mates based on the De Martonne classification, including 
arid, semi-arid, Mediterranean, semi-humid, humid, and per-
humid. The 40 stations under study fell in the per-humid, 
Mediterranean, semi-arid, and arid groups. According to 
Fig. 5, the majority of Iran has arid and semi-arid climates. 
Due to this, it is very important to study drought periods and 
trends in the baseline and future periods.

Selection of the top GCMs via TOPSIS

Prior to the investigation of the future climate change based 
on GCM simulations, it is important to evaluate the per-
formance of the GCMs in the simulation of climatic vari-
ables. It is assumed that GCMs that have a better agree-
ment with base data are assumed to be more accurate when 
projecting future climatic variables. This has reduced the 
uncertainty of projections. The present research used the 
monthly precipitation and temperature data of thirty three 
GCMs. First, the long-term monthly average temperature 
and precipitation of the synoptic stations were compared 

Fig. 4   Homogeneity of precipitation data in future and baseline period with SNHT test
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Fig. 5   Climatic classification of 
Iran according to De Martonne 
classification

Fig. 6   Selected models in the four climatic zones
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with those of the corresponding GCM cells in the baseline 
period (1966–2005). The GCMs were ranked using TOPSIS 
based on the performance criteria of RMSE, MAPE, R, NS, 
and ST. According to Fig. 5, the stations under study fell 
into four De Martonne classes. Therefore, ten GCMs with 
the highest TOPSIS scores (ranks) in these four classes were 
identified, as shown in Fig. 6.

Future versus baseline temperature 
and precipitation variations

Once the top ten GCMs had been selected in the climates, 
their ensembles were used to reduce uncertainty in the 
climatic simulations. Figures 7, 8 compare the future and 
baseline temperature and precipitation variations. According 
to Figs. 7, 8, precipitation rises in the northern regions in 
winter and spring and reduces in summer and autumn. The 
opposite is the case with the temperature. This is explained 
by the high average annual precipitation and humid climate 
of northern stations, where precipitation decreases to base-
line values in spring and summer. It should be noted that 
the majority of precipitation in northern regions occurred in 
winter and autumn (over 40% and 30%, respectively), while 
lower precipitations happened in spring and summer. Also, 
these regions have a convective precipitation pattern, unlike 
the other stations.

Spatial distribution of drought characteristics

The descriptive statistics of the drought characteristics 
were projected for different climates in future and baseline 
periods, as shown in Figs. 9 and 10. According to Fig. 9, 
the average drought severity varied from -0.6 to -4.5. In 
the baseline period, the southeastern and northwestern 
regions of Iran experienced the largest drought severity. In 
future period, the drought severity decreases in the south-
east and increases in the northwest under both scenarios. 
Also, the southern regions of Iran and the southern coasts 
of the Caspian Sea will undergo severe droughts in future. 
According to Fig. 10, the drought standard deviation varied 
from 0 to 4. The future drought standard deviations of the 
northwestern, southern, and southern coasts of the Caspian 
Sea rise relative to the baseline period, while that of the 
southeastern part decreases as compared to the baseline 
period. The southeastern regions will experience reduced 
average drought peaks in future as compared to the baseline 
period. Also, the peaks will decline in the central regions 
and rise in the southern coasts. Furthermore, the drought 
peak will increase in the northwest corner of Iran in future. 
The future drought peak standard deviation will reduce in 
the central and western regions and increase in the northern 
part relative to the baseline period. According Fig. 10 the 
standard deviation of drought duration will reduce in the 

western coast and increase in the southeastern coast of the 
Caspian Sea and the northwest corner relative to the base-
line period. Also, the standard deviation of future drought 
duration decreases in the western region while it rises in the 
northwestern, northern, and southern regions as compared 
to the baseline period.

Figure 11 shows the spatial distribution of Iran's drought 
trend based on the Mann–Kendall test. The results revealed 
a decreasing trend of SPI value in the west, northwest, 
and, east south coast of the Caspian sea regions in the base 
period, and no trends were observed for the other stations. It 
is consistent with the findings of previous studies on drought 
trends in Iran including (Dashtpagerdi et al. 2015; Golian 
et al. 2015; Sharafati et al. 2020; Zarei and Eslamian 2017). 
Also, for the future period, the southeastern region (Zahedan 
Station) showed a decreasing trend of SPI.

According to Fig. 12, the drought durations are longer 
in semi-arid and arid climates in the baseline period; the 
average drought duration of Iran is 2.5–3.5 years. This is 
also the case with the future period, excluding the Gorgan 
Station with a Mediterranean climate. The future drought 
duration of the Gorgan Station was found to be 9–10 years. 
This can be inferred from the standard deviation values 
of the drought indices; very humid climates had the low-
est standard deviations, while the Mediterranean climates 
showed the highest standard deviations. The drought peak 
results show severe droughts in arid climates. As can be seen 
in Fig. 12, the future period will experience more severe 
droughts with higher durations, peaks, and standard devia-
tions than the baseline period. These results can be explained 
by the different rainfall patterns, temperatures, and eleva-
tions of the climates. As can be seen in Fig. 5, the northern 
regions of Iran have a humid climate, low elevations, and 
very high annual precipitations. The foothills of the Alborz 
and Zagros mountains have Mediterranean and semi-arid 
climates, and the western and northwestern regions have a 
different rainfall pattern from the central regions. For other 
regions with arid climates, a number of stations lie in the 
vicinity of deserts and the southern seas (The Persian Gulf 
and the Gulf of Oman). The regions adjacent to the Gulf of 
Oman (south and southeast) have a different rainfall pattern 
from the other regions and experience tropical precipitations 
in summer. Also, these regions are located at lower latitudes.

Discussion

The comparison of the future annual precipitation to 
the baseline ones suggests that in all the stations, except 
for the Dezful and Saqqez stations, precipitation will 
reduce in future. This is consistent with the earlier works 
(Alizadeh-Choobari and Najafi 2018). An explanation for 
these differences can be the overestimates of the GCMs 
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Fig. 7   The ratio of the mean annual and seasonal precipitation under 
RCP 4.5 and RCP 8.5 scenarios infuture period to the mean annual 
and seasonal precipitation in the baseline period. (The mean annual 
precipitation in future period/ the mean annual precipitation in 
the baseline period) and (the mean seasonal precipitation in future 

period/ the mean seasonal precipitation in the baseline period). (DJF: 
December, January, and February; MAM: March, April, and May; 
JJA: June, July, and August; SON: September, October, and Decem-
ber)
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Fig. 8   The difference between the mean annual and seasonal temper-
ature under RCP 4.5 and RCP 8.5 scenarios in future period and the 
mean annual and seasonal temperature in the baseline period. (The 
mean annual temperature in future period—the mean annual temper-
ature in the baseline period) and (the mean seasonal temperature in 

future period—the mean seasonal temperature in the baseline period). 
(DJF: December, January, and February; MAM: March, April, and 
May; JJA: June, July, and August; SON: September, October, and 
December)
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under the scenarios RCP4.5 and RCP8.5. For example, 
the baseline precipitation of the Dezful Station was small 
and mostly zero, while this was not the case with the 
simulations. The same case holds for future temperature 
projection; while the temperatures of adjacent regions 
had increasing variations, the temperature variation of 
the Dezful Station had a reducing trend. Furthermore, the 
precipitation was found to have small future variations 
in most central and southern regions in winter and 
spring, partially due to the fact that the highest annual 
precipitation occurs in these seasons (over 80% of the 
annual precipitation). Also, in the southeastern regions 
with summer precipitation (nearly 11% of the annual 
precipitation), the variations were small. the western 
regions have very high future precipitation variations in 

summer, partially due to the large temperature difference 
of summer from the other seasons in the western regions; 
the summer temperature has a 90% difference from the 
average annual temperature (summer temperature is 
equal to the annual average temperature plus 90%). For 
example, the Hamedan Station has an average baseline 
annual temperature of 11 °C, while its average summer 
temperature is 23 °C; the future precipitation variations in 
autumn with an average temperature of 12 °C were found 
to be very small. It should be noted that an increase in the 
temperature increases evaporation into the atmosphere and 
the probability of rainfall. The comparison of the future 
annual temperature variations to the baseline period shows 
that the future temperature is expected to decline in the 
southern and southeastern regions and rise in the northern 

Fig. 9   Spatial distributions of the average drought characteristics
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and northwestern regions. The temperature variations 
were larger under the scenario RCP8.5. However, some 
earlier studies indicated an increase in future temperature 
(Alizadeh-Choobari and Najafi 2018; Asakereh et al. 2020; 
Doulabian et al. 2021). This can be explained by the fact 
that the southern, southeastern, and southwestern regions 
lie in the vicinity of free waters (the Persian Gulf and 
the Gulf of Oman) and experience smaller temperature 
differences. Also, these regions have lower latitudes 
and elevations than the other regions and have different 
rainfall patterns. In particular, monsoon rainfalls occur in 
southeastern and southern regions in summer. It should 
be mentioned that precipitations mostly occur in winter 
and spring in the majority of Iran, while a majority of 

northern precipitations happen in autumn. Moreover, the 
average baseline seasonal temperature was 10% higher 
than the average annual temperature in northern and 
western regions in autumn, while this difference is nearly 
zero for southern and eastern regions. Furthermore, the 
average seasonal temperature is lower than the average 
annual temperature in the southeastern region.

SPI was employed to investigate drought trends for 1, 
3, 6, 9, 12, 18, and 24 months. A number of earlier studies 
reported no trend in long-term drought indices. Zarei and 
Eslamian (2017) reported a significant trend of the lower-
order SPI for the south of Iran and observed that SPI-12 
has not any trend duration 1985–2013. Sharafati et  al. 
(2020) demonstrated that SPIs increased for all climates 

Fig. 10   Spatial distributions of the drought characteristic standard deviations
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for different periods, except for SPI-12. This could have 
arisen from errors and uncertainty in the data collected in 
the short-term relative to the long-term data. Furthermore, 
Sharafati et al. (2020) found an increasing trend of drought 
in semi-arid and arid climates and a reducing trend in the 
northwest. Tabari et al. (2012) observed a reducing trend of 
droughts (increasing drought severity) in the eastern region 
of Iran. Dashtpagerdi et al. (2015) illustrated a significant 
rise in the drought severity in the periods of 3, 6, 8, 9, 12, 
and 24 months at 50% of the 25 stations under study. The 
droughts mostly occurred in the semi-arid and arid climates 
of the southern and southeastern of Iran. Golian et al. (2015) 
evaluated the drought trend in Iran by using SPI during 
1980–2013. They observed that drought has a significant 
trend in the central semi-arid region and arid climates. 
Abarghouei et al. (2011) analyzed SPI for the periods of 3, 
6, 8, 9, 12, and 24 months during 1975–2005. They showed 
a reducing SPI trend for the southeastern, southwestern, 
and western regions of Iran and no particular trend for the 
northern and northeastern parts.

The results of drought analysis indicate that droughts have 
higher durations and peaks in the southeastern, northern, 
and northwestern regions in the baseline period. This is also 
the case with the future period under the scenarios RCP4.5 
and RCP8.5, particularly in the northwest. Furthermore, 
the drought severity has a reducing trend in the northwest. 
This is consistent with some earlier works. Sharafati et al. 
(2020) demonstrated that droughts were more severe in the 
northwest and north. Darand and Sohrabi (2018) described 
the northwestern part of Iran as a region with the most severe 
droughts based on daily precipitation variations. Najafi and 
Moazami (2016) investigated the precipitation trend and 
the magnitude and frequency of extreme precipitations and 
showed that the annual precipitation had a reducing trend, 
particularly in the northern, western, and northwestern parts 
of Iran.

The drought duration and peak of the stations for the 
baseline period revealed that the highest drought durations 
and peaks occurred in semi-arid and arid climates; the sta-
tions with semi-arid and arid climates had drought durations 
of 2–8 years, and the largest drought duration occurred in the 
southeastern and western stations. Furthermore, the highest 
drought peaks happened at the northwestern (Parsabad) and 
southeastern (Iranshahr) stations. This is also the case with 
the future period; the results suggested higher drought sever-
ities in future, and the severities were slightly larger under 
RCP4.5. The highest future drought durations were found to 
occur in the northwest (Khoy Station with an arid climate) 
with a duration of 8 years and southeast (Zahedan, Iran-
shahr, and Kerman stations with semi-arid climates) with a 
duration of 6 years. It should be noted that the Gogran Sta-
tion with a Mediterranean climate will experience 9 years of 

Fig. 11   SPI trend based on the Mann–Kendall test in the baseline and 
future period (a baseline, b RCP4.5 and c RCP8.5)
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Fig. 12   Standard deviation and mean of drought characteristics (severity, peak, and duration(years)) in different climatic zones

Table 2   Comparison between obtained results with results of other studies in Iran

Study Description

Najafi & Moazami (2016) The intensity and frequency of heavy rains have also decreased significantly in the spring season in the 
northwest region. They showed that the annual precipitation had a reducing trend, particularly in the 
northern, western, and northwestern parts of Iran

Darand & Sohrabi (2018) They showed that the northwestern regions and low-altitude areas of Iran with dry and semi-arid climates 
have the highest probability of drought

Mansouri Daneshvar et al. (2019) Iran will experience an increase of 2.6 °C in mean temperatures and a 35% decline in precipitation by 2100
Sharafati et al. (2020) The northwest region of Iran is the most prone to droughts in terms of severity, peak and density
Baghanam et al. (2020) Simulation for future temperature indicated an ascending trend of 0.1–2.1 °C by 2100 in northwest of Iran
Ghasemi et al. (2022) They show the decreasing trend for SPI and precipitation at the most of regions of Iran
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drought under RCP4.5 and 10 years under RCP8.5 in future; 
however, drought severity will not be significant.

The investigation of the worst droughts based on SPI 
at the stations in the baseline period indicated that 5 
stations had normal droughts, 18 stations had relatively 
arid droughts, 11 stations experienced severe droughts, 
and 6 stations underwent acute droughts. In future period, 
however, 2(1) stations have normal droughts, 9(12) stations 
have relatively arid droughts, 15(13) stations experience 
severe droughts, and 14(14) stations undergo acute droughts 
under RCP4.5(RCP8.5). Table 2 shows a brief comparison 
between the results obtained in this study and the results of 
a number of previous studies.

Conclusion

Although Iran has various climates, arid climates account 
for the majority of Iran. Based on the De Martonne aridity 
index and the gridded temperature and precipitation data 
of the CRU re-analysis database, Iran was classified into 
arid, semi-arid, Mediterranean, and temperature climates. 
Then, climate change and meteorological drought were 
examined in different climates of Iran using the 40-year 
precipitation and temperature data of 40 synoptic stations. 
To evaluate climate change, 33 GCMs of IPCC CMIP5 
with a spatial resolution of 0.5° were employed. The top ten 
GCMs of each climate were identified using TOPSIS. The 
future temperatures and precipitations were projected using 
the ensembles of the top ten GCMs. The homogeneity of 
the baseline and future precipitations under the scenarios 
RCP4.5 and RCP8.5 were examined using SNHT. Due to 
the greater accuracy of GCMs in long-term projections 
compared to short-term ones as well as the reduction of 
computational costs, therefore, the long-term drought 
was evaluated using SPI-12. The SPI values trends were 
identified. The variations of the drought characteristics, 
including severity, peak, and duration, were analyzed. The 
data were classified based on the climatic characteristics of 
the stations. Therefore, the innovation in this research is the 
climatic zoning of Iran and the development of individual 
and combination models of superior GCMs for simulating 
temperature and precipitation in each climate zone. This 
study showed that Iran is divided into four climatic regions 
based on De Martonne Aridity Index. These four regions 
are: (a) humid region in the north of Iran (b) Mediterranean 
region in the northeast and west of Iran (near Iran's border 
with Iraq and Turkey) (c) semi-arid region in the northwest 
and west of Iran (d) arid region in the south, center, east and 
southwest of Iran. In addition, this study showed the top 
ten GCMs in each climate zone using the TOPSIS method 
(Fig. 6).

The results showed that the temperature simulation 
had, in general, higher performance than the precipitation 
simulation, and temperature uncertainty was lower than 
precipitation uncertainty due to the conditional nature of 
precipitation. According to the results, the precipitation 
of the northern regions had an increasing trend in spring 
and winter and a reducing trend in autumn and summer. 
However, the temperature of the northern regions had an 
increasing trend in autumn and summer and a reducing trend 
in spring and winter. The comparison of the future annual 
precipitation variations to those of the baseline period 
indicated that most stations had reducing future precipitation 
variations. It was observed that the future precipitations 
of the central and southern regions would undergo small 
variations, while the future precipitation variations of the 
western regions would be very high in summer.

The comparison of the future annual temperature 
variations to the baseline variations indicated that the south 
and southeast of Iran will experience reduced temperature, 
while the northern and northwestern regions will undergo 
increased temperature, and these variations are larger 
under RCP8.5. Furthermore, the magnitudes of the future 
temperature variations are larger in winter, spring, and 
summer for the northern and southwestern regions. The 
results showed that the temperature of the northern and 
western regions in autumn was 10% higher than the average 
annual temperature, whereas the autumn temperature of the 
southern and eastern regions was almost the same as the 
average annual temperature. Also, the southeastern regions 
were found to have an autumn temperature below the average 
annual temperature.

The drought severity results demonstrated that the 
northern and northwestern regions had higher drought 
durations and peaks in the baseline period. This was also 
the case with the future period under both scenarios RCP4.5 
and RCP8.5, particularly in the northwest where SPI showed 
a reducing trend in the northwest.

The drought durations and peaks at the stations in the 
baseline period indicated that the highest drought durations 
and peaks occurred in semi-arid and arid climates; the semi-
arid and arid stations had drought durations of 2–8 years, and 
the largest drought durations took place at the southeastern 
and western stations of Iran. Furthermore, the largest peaks 
occurred at the northwestern and southeastern stations. This 
is also the case with the future period; the results indicated 
higher drought severities for the future. In general, the 
drought severity was slightly larger under RCP4.5. The 
results revealed future droughts of higher severity, duration, 
and peaks with larger standard deviations than the baseline 
period.

The average drought duration results showed that the 
drought durations of the arid and semi-arid climates were 
higher than the two other climates in the baseline period. 
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The average drought duration of Iran was found to be 
2.5–3.5 years. The same case holds for the future period.

To examine the drought variation trend, the 
Mann–Kendall test was employed. The results suggested a 
reducing drought trend in the northeast (Gorgan station) in 
the baseline period, while no trend was observed for the 
other stations. This is also the case for the future period. 
Also, the southeastern region (Zahedan Station) showed a 
reducing future trend. Overall, it can be said that the climate 
of Iran is expected to increase in aridity and semi-aridity in 
future. As a result, it is necessary to plan and manage water 
resources, soils, and droughts.
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