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Abstract
Climate change and global warming impact the frequency of droughts and supply systems. Therefore, it is
necessary to conduct appropriate studies to evaluate the impact of climate change on weather patterns and
drought. For this purpose, data from 6 synoptic stations located in the wet and temperate areas in the Zagros region
in western Iran were used to construct four general atmospheric models including BCC-CSM1, CANESM2,
HADGEM2-ES, NORESM1-M under representative concentration pathways (RCPs) 2.6, 4.5, and 8.5, for three future
periods (2010-2039), (2040-2069) and (2070-2099). Then, spatio-temporal variations of drought severity and
frequency were studied in the study area using SPI and SPEI indices in different periods up to 2100. The results
showed the spatial extent of areas classi�ed as extremely dry will increase by 47.9% in the �rst period compared to
the base period. In the second and third periods, however, the severely dry class covers more area. Analysis of SPEI
showed that drought will be more severe in all future periods. According to SPEI, drought frequency will increase by
2% according to the �rst period (2010-2039) relative to the base period (1984-2013), and by 0.3% in the second and
third periods by 2099. The results of this study indicate that the severity, frequency, and impacts of drought will
increase in the study area until the end of the century. Therefore, appropriate measures should be taken to control
and reduce its potential effects in the future.

1 Introduction
Climate change is one of the most important challenges facing humans and natural ecosystems, bringing about
consequences such as the elevated occurrence of atmospheric-climatic hazards, increased number of storm events,
reduced yield of crops and orchards, and lowered food security, as well as increased migration from areas facing
more severe climate change (Chanapathi 2020; Memarian and Akbari 2021). Drought in�uences different parts of
an ecosystem on different scales. Studies show that in some regions of the world, climate change has triggered
droughts, intensi�ed its damaging effects, or created conditions for subsequent droughts. Droughts occur naturally,
but climate change has generally accelerated the contributing hydrological processes, making them less gradual
and more intense, with many consequences, not the least of which is increased wild�re risk. Different types of
drought are being studied, such as meteorological, agricultural, hydrological, and socioeconomic droughts; however,
a lack of unanimous de�nition complicates the study of droughts (Tang 2020; Mukherjee et al. 2018; Haile et al.
2020). According to the Hydrological de�nition, droughts are extreme hydrological phenomena that are
characterized by a long-term lack of precipitation in a vast area, in any climatic condition (Taxak et al. 2014; Akbari
et al. 2016).

Various scenarios for the increase in greenhouse gases have been de�ned in terms of general circulation patterns
of the atmosphere to predict climate change. Since the spatial accuracy of general circulation models is very low
and the effects of variations have limited applicability, these models need to be converted for smaller spatial scales,
which are referred to as the "scalar" model. In general, there are two methods for the conversion of general
circulation models for �ner scales: dynamic and statistical methods, in addition to combinations of both. Many
different approaches have been proposed to carry out these conversions, the most reliable of which is the use of
coupled AOGCM simulations, integrating (coupling) global climate models (GCMs) and regional climate models
(RCMs) to enable the study of climate change over time in different parts of the world (Semenov 2009; IPCC
2007,2013; Fang et al. 2018; Kang et al. 2019). The LARS-WG model is a randomized weather generator that is used
to simulate climatic data at a speci�c station under the current and future conditions in�uenced by the climate
change phenomenon. So far, many studies have been conducted on the LARS-WG model (Khan et al. 2006; Wilby
and Harris 2006; Pakdin et al. 2021).
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Drought monitoring has helped many users and organizations by capturing the characteristics of droughts using
droughts indexes. More than 100 drought indexes have been suggested so far, some of which have been used to
describe drought characteristics in grid maps at regional and national scales (Zargar et al. 2011; Valavi et al. 2019;
Shiravand 2020). Extensive research has been done on the effects of climate change on drought through the use of
drought indexes (Vicente-Serrano et al. 2010; Zhou et al. 2014; Dubrovsky et al. 2008; Caccamo et al. 2011). (Pelt
and Swart 2011) used SPEI in the Czech Republic and emphasized the ability of this index to recognize the severity
of drought. (Stagge et al. 2015) compared the distribution of SPI and SPEI drought indices in Europe. Their results
identi�ed the gamma distributions and the general limit values for SPI and SPEI, respectively. (Lee et al. 2017)
studied the effects of climate change on drought using SPEI in North Korea from 1981 to 2100. Their results
indicated that SPEI will change from -0.9 in 1995, to 1.18 in 2025. Given Iran’s geographical location in an arid
region, research has been done to predict droughts and their impact on the country (Haile et al. 2020; Bąk and
Kubiak-Wójcicka 2017; Lweendo et al. 2017). The Zagros region (a large region in the west of Iran), has been
subjected to tensions due to lack of precipitation, which has led to the depletion of the region and serious socio-
economic problems. Although some studies have utilized different models to assess climate change and drought in
the region, few have combined different models with climate change scenarios for meteorological analysis of
droughts. Therefore, we assessed the impact of climate change on drought in the Zagros region of Iran using four
general circulation models, under three climate change scenarios. Also, the Standardized Precipitation Index (SPI)
and the Standardized Precipitation Evapotranspiration Index (SPEI) were calculated for future periods. In this work,
we 1-examine the variation in SPI and SPEI to describe variation in drought characteristics in the Zagros region, 2-
evaluate the impact of climate change on drought characteristics, 3-predict drought severity by 2099, and 4-
investigate the spatial distribution of changes in drought patterns.

2 Materials And Methods

2.1 Study area
The Zagros climatic zone covers Iran from the northwest to the southwest (Fig. 1). The region has a temperate and
humid climate characterized by seasonal precipitation. According to the climatic classi�cation of (Alijani 1999), the
regions consist of three climate classes: sub-humid subtropical, cold, and semi-mountainous areas. The average
annual precipitation (P) varies between 250 and 800 mm in different parts of the region. Rainfall historically occurs
during winter and spring. Summers are hot and dry (mean temperature: 35 ºC) and winters are cool (mean
temperature: 7 ºC) (Fathizadeh et al. 2013). Past studies show that only six synoptic stations in the area have data
with adequate quality for this research. Table 1 shows the characteristics of these stations.
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Table 1
The synoptic stations used in the study (data from Iranian

Meteorological Organization)
Station Longitude Latitude Elevation (m)

Sanandaj 47.01 35.25 1373.4

Kermanshah 47.15 34.35 1318.5

Shahrekord 50.84 32.29 2048.9

Shiraz 52.63 29.56 1488

Fasa 53.72 28.90 1268

Khorramabad 48.40 33.43 1147.8

2.2 Dataset
Minimum temperature, maximum temperature, irradiation, and precipitation data were obtained daily from six
synoptic stations in the Zagros region. The common statistical basis was considered from 1984 to 2013, and pre-
processing of data took place.

2.3 Downscaling statistical data
For this purpose, past and future climates at the six stations were simulated. The basic requirement of the model at
the calibration stage is a �le that identi�es past climate at the stations ( Semenov and Stratonovitch 2010). This �le
was compiled using daily precipitation data, minimum temperature, maximum temperature, and irradiance at
synoptic stations, taking 1984-2013 as the base period. According to the latest IPCC recommendation, the use of
multiple models in climatic simulations, instead of running the models individually, can be effective in reducing the
uncertainties in the model. To that end, we used four GCMs (BCC-CSM1, CANESM2, HADGEM2-ES, NORESM1-M,
Table 2), and three representative concentration pathways (RCP 2.6, 4.5, and 8.5), and calculated the arithmetic
mean for each group in R. Finally, precipitation, minimum temperature, maximum temperature, and irradiance were
projected for future periods (2010-2039) and (2040-2069) and (2070-2099).
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Table 2
List of GCMs in IPCC AR5 (Miao et al, 2014)

GCM Model Resolution Source

BCC-
CSM1

It is a fully coupled global climate-carbon model including
interactive vegetation and the global carbon cycle in which the
atmospheric component, ocean component, land component,
and sea ice component are fully coupled and interact with each
other through �uxes of momentum, energy, water, and carbon at
their interfaces. The exchange of atmospheric carbon with the
land biosphere is calculated at each model time step (20 min).

160 × 320 Beijing Climate
Center, China
Meteorological
Administration,
China

CanESM2 This is the fourth generation of the atmospheric-ocean public
circulation model. There are 40 vertical levels with a distance of
10 meters near the surface (there are 16 levels at a height of 200
meters) to nearly 400 meters deep in the ocean. Spherical
horizontal coordinates are used with lattice distance ~ 1.41 °
latitude and 0.94 ° latitude.

64 × 128 National Center
for
Atmospheric
Research
(NCAR), United
States

HadGEM2-
ES

The HadGEM2-ES is a coupled ground system model used by the
Hadley Met O�ce to simulate CMIP5. The HadGEM2-ES climatic
model includes an atmospheric GCM with a horizontal and
vertical resolution of N96 and L38 and an oceanic GCM with a
horizontal resolution of 1 degree (rising to 3.1 degrees at the
equator) and 40 vertical levels.

145 × 192 Met O�ce
Hadley Center,
Unites
Kingdom

NorESM The Norwegian Ground System Model (NorESM) is one of 20
climate models producing output for the NorESM1-M CMIP5,
with a horizontal resolution of ~ 2 ° for atmospheric and
terrestrial components and 1 ° for the ocean and ice
components.

96 × 144 Norwegian
Climate Centre,
Norway

2.4 Standardized Precipitation Index (SPI)
The standardized precipitation index is one of the most important indices in drought monitoring. This index is one
of the few time-sensitive drought indices. SPI allows for determining the time scale, depending on which aspects of
the impact of droughts are more important (e.g., agricultural resources, hydrological features, etc.). The time scale
can range from one month to several years. Also, there are more indicators available for analyzing the severity,
duration, and frequency of drought using SPI compared to other indexes (Huang et al. 2016; Lin et al. 2020; Nabaei
et al. 2019; Gebrewahid et al. 2017; Teuling et al. 2013; Won et al. 2018). In this study, the time scale was set to one
year. Only the precipitation parameter is used in the calculation of SPI. The precipitation of each station is
calculated on the timescale. Table 3 shows the classi�cation of SPI and SPEI indices according to (McKee 1995).

Table 3
The Classi�cation of SPI and SPEI indices (McKee, 1995)

Extremely
Wet

Very
wet

Moderately
Wet

Normal
Wet

Normal
Dry

Moderately
Dry

Severely
Dry

Extremely
Dry

+2.0 1.5-
1.99

1.0-.149 -0.99-0 0-0.99 -1.0- -1.4 -1.5–1.99 -2.0 or less

2.5 Standardized Precipitation Evapotranspiration Index (SPEI)
SPEI was �rst introduced by (Serrano et al. 2010). This index is a multivariate index in which precipitation data and
evapotranspiration data are combined. This index is calculated similarly to the standardized precipitation index.
However, SPI utilizes monthly precipitation, while SPEI utilizes monthly precipitation difference and potential
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evapotranspiration (PET), representing climate water balance. SPEI has been widely used to study meteorological
droughts (Chen et al. 2015; Shao et al. 2018; Paulo et al. 2012; Ren et al. 2012; Wang et al. 2015; Wolf et al. 2011;
Yao et al. 2018; Zhao et al. 2015). Table 3 presents how this index is classi�ed. In this study, SPEI was calculated
on a one-year time scale in R.

SPEI is derived from equations (1) to (7):

1

2

3)

Where T is the average monthly temperature in Celsius, m is the coe�cient of dependence on I, I is the sum of 12-
month heat indexes, k is the correction factor in terms of month and latitude, NDM is the number of days in a
month, and N is the maximum number of hours of sunlight. Thus, with a value for PET, the difference between the
precipitation (P) and PET for the month i is calculated:

5
The calculation of SPEI requires a three-parameter distribution. The probability distribution function of series D is
based on the following equation:

6
Where, α, β and 𝑥 are the parameters of scale, shape and position for D values (Singh et al. 1993). The values of
F(x) for series D in different time scales are well suited to the observed experimental values, so SPEI can be simply
calculated from the standard values of F (x).

(C0+C1W+C2W2/1+d1w+d2w2+d3w2) (7)

Where 𝑊 =  for 𝑃≤0.5, P being the probability of higher values of D is determined. The values of 𝐶0, 𝐶1

and 𝐶2 and also 𝑑1, 𝑑2 and 𝑑3 are �xed. The mean value of SPEI is zero and the standard deviation is equal to
one. SPEI is a standardized variable, so it can be compared with other SPEI values from different places and times.
A SPEI value of zero is equivalent to the 50% cumulative probability D (Mavromatis 2007).

2.6 Kernel smoothing method

m = 6.75 × 10−7I 3 − 7.71 × 10−5I 2 + 1.79 × 10−2I

PET = 16K( )
m

10T

I

i = ( )
1.514

(T
5

K = ( )( ) (4)
N

12

NDM

30

Di = Pi − PETi

F (x) = [1 + ( )
β

]−1α

x − y

SPEI = W−

√2ln (P)
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The kernel smoothing method provides promising results for two simulated and one real-world data set. At the
same time, it offers a great alternative for Kriging approaches, in particular in cases where the estimation process
has failed. This can be the case when either there are few samples or the observed data are not suitably designed
for computer experiments. In this condition, the working unit is a polygon created through Delaunay triangulation.
The approach is �exible enough to embed different types of kernel and weight functions. As the method can be
easily executed, it can be used as a criterion to validate other interpolation methods (Muhlenst 2009). This method
has been used in past studies such as (Hessl et al. 2018; Xu et al. 2020).

Kernel smoothing can be a good option given noisy measurements x(ti) of processes at irregularly spaced times ti.
The smoother is a weighted average (Eqs 8 and 9).

8

9

3 Results
LARS-WG is one of the most commonly applied weather generators, in which the meteorological data for the future
period are generated by considering temperature and precipitation alterations under the climate scenarios of RCP
2.6, 4.5 and 8.5. According to the obtained SPI values, droughts will increase in the eastern and northern parts of the
regions, while the opposite will take place in the western part of the region. However, SPEI shows that drought will
increase from the center of the region to the west. Overall, drought will increase in the entire region by about 11-15%
compared to the base period.

SPI and SPEI were used to study temporal and spatial changes of drought severity and frequency in the Zagros
region in different periods until 2099. SPI shows that although the spatial extent of drought increases signi�cantly
in the �rst period compared to the base period (47.9%), in the second and third periods of the drought compared
with the base period, dry classes have a much larger area. However, SPEI indicates the spatial dominance of
drought with very high intensity in all periods. A general review of the results indicates an increase in the frequency
and severity of drought as well as the development of drought-affected areas by the end of the century. Therefore, it
is necessary to take appropriate measures to reduce the potential effects of climate change on different
ecosystems in the region.

3.1 Impact of climate change on drought based on SPI
The standardized precipitation index (SPI) depends on precipitation as a single variable, while the standardized
precipitation evapotranspiration index (SPEI) is obtained from precipitation and temperature in the form of a simple
water balance. Both indicators detected changes in the frequency of drought in the future compared to the base
period. SPI and SPEI agreed on the direction of change, but showed different effects for climate change on drought

x (t) =
∑N

i=1 K (t − ti) x (ti)

∑N
i=1 K (t − ti)

K (T) = exp(− )
T 2

2τ 2
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conditions. SPI is useful because it only needs rainfall as input. However, the use of SPI to describe drought should
be done with caution. According to Table 4, normal dry and normal wet classes are the most frequent. The
extremely wet class has the lowest frequency (17.7 month). On the whole, more than 7% of the month in the base
period (1984-2013) were categorized in the severely dry and extremely dry classes.

Table 4
Frequency of SPI classes during the base period (1984-2013)

Stations Extremely
dry

Severely
dry

Moderately
dry

Normal
dry

Normal
wet

Moderately
wet

Very
wet

Extremely
wet

Sanandaj 13 17 22 134 114 34 16 10

Kermanshah 11 19 19 126 137 24 18 6

Khorramabad 3 30 27 127 113 39 8 13

Shahrekord 10 16 47 75 163 24 25 0

Shiraz 12 14 29 118 122 41 20 4

Fasa 4 11 32 163 83 21 36 10

Average 8.83 17.83 29.33 123.8 122 30.5 20.5 17.7

percentage 2.45 4.95 8.15 34.40 33.89 8.47 5.69 1.99

3.1.1 Changes in the �rst period compared with the base period
Our analysis showed that the frequency of drought in the �rst period will increase by 28% compared to the base
period, while the frequency of wet classes will increase by 0.35%. Normal classes (both wet and dry) were
unchanged, and the largest difference was observed for the dry classes with an increase of about 9.23% (As shown
in Tables 4 and 5).

Table 5
Frequency of SPI classes during the �rst period (2010-2039)

Stations Extremely
dry

Severely
dry

Moderately
dry

Normal
dry

Normal
wet

Moderately
wet

Very
wet

Extremely
wet

Sanandaj 11 20 23 104 156 24 15 7

Kermanshah 13 14 25 130 100 53 20 5

Khorramabad 5 22 32 110 140 43 2 6

Shahrekord 7 22 33 113 119 41 22 3

Shiraz 3 2 40 98 120 55 13 3

Fasa 11 18 15 145 119 25 16 11

Average 8.33 20.67 28.00 116.6 125.67 40.17 14.6 5.83

Percentage 2.31 5.74 7.78 32.41 34.91 11.16 4.07 1.62

3.2.2 Changes in the second period compared with the base
period
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The result showed the frequency of drought will increase by 4.78% compared to the base period, and the wet period
will decrease by 7.7% the percentage of changes in the normal classes has decreased by 1.41%. Among the
stations, Sanandaj shows the largest change in the occurrence of dry periods with an increase of 84.88% compared
to the base period (Tables 4 and 6).

Table 6
Frequency of SPI classes during the second period (2040-2069)

Stations Extremely
dry

Severely
dry

Moderately
dry

Normal
dry

Normal
wet

Moderately
wet

Very
wet

Extremely
wet

Sanandaj 13 19 35 84 165 27 10 7

Kermanshah 13 13 20 136 120 34 19 5

Khorramabad 7 17 32 113 146 26 11 8

Shahrekord 2 27 34 114 118 41 21 3

Shiraz 2 21 41 102 123 52 15 4

Fasa 12 15 29 139 124 13 18 10

Average 8.17 18.67 31.83 114.6 132.6 32.17 15.6 6.17

Percentage 2.27 5.19 8.84 31.85 36.85 8.94 4.35 1.71

3.2.3 Changes in the third period compared with the base period
Dry periods will increase in the third period by 0.9% compared to the base period, and the wet period is 18.8%. The
frequency of dry classes is expected to increase by 56.1%. Fasa station will have a signi�cant increase in the
incidence of drought compared to the base period (Tables 4 and 7).

Table7 Frequency of SPI classes during the third period (2070-2099)

Stations Extremely
dry

Severely
dry

Moderately
dry

Normal
dry

Normal
wet

Moderately
wet

Very
wet

Extremely
wet

Sanandaj 15 13 31 106 150 28 15 2

Kermanshah 13 13 18 138 121 33 19 5

Khorramabad 5 37 14 102 141 44 16 1

Shahrekord 3 23 41 97 144 35 14 33

Shiraz 2 25 35 107 118 57 15 1

Fasa 11 15 25 138 136 6 18 11

Average 8.17 21 27.33 114.67 135 33.83 16.1 3.83

Percentage 2.27 5.83 7.59 31.85 37.50 9.40 4.49 1.06

3.3 Spatial changes in SPI
The frequency of three levels of the drought was calculated and their spatial variations were plotted using kernel
smoothing. (Fig. 3) shows the percentage of the study area covered by each class. In the base period, the
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northeastern and central parts of the study area experienced the most severe droughts, with all three classes having
roughly the same area (Fig. 2 and Fig. 3). As we move from the northeast to the northwest and from north to south,
we see an increase in drought at synoptic stations, which is consistent with the results of other studies (Abbasi et
al. 2019; Mirzayi Hasanlo et al.2020; Fathian et al. 2017). The most severe drought is seen in the eastern part of the
region, followed by the western, northern, and southern regions. Also, projected maps in the region show an increase
in droughts in the northern parts and a decrease in the southern part.

In the �rst period (2010-2039), the most severe droughts are expected in the central and northeastern parts of the
region and the least severe droughts in the southeastern parts. In this period, the severity of droughts will increase,
so that about half of the region will be exposed to very severe drought. In the second period (2040-2069), drought is
projected to occur in the north. On the other hand, the southeastern and southwestern parts are less likely to
experience severe drought. The severely dry class will cover more than half of the region in this period. In the third
period (2070-2099), drought is projected mainly in the northeast. The extent of areas in the severely dry class will
increase compared to the base period, but coverage will decrease for the moderately dry class.

3.4 Impact of climate change on drought based on SPEI
Extremely dry and severely dry droughts identi�ed by SPEI are generally more severe than those identi�ed by SPI in
terms of affected area and duration.

Table 8
Frequency of SPEI classes during the base period (1984-2013)

Stations Extremely
dry

Severely
dry

Moderately
dry

Normal
dry

Normal
wet

Moderately
wet

Very
wet

Extremely
wet

Sanandaj 4 28 20 147 101 28 26 66

Kermanshah 2 27 23 126 111 39 28 4

Khorramabad 5 18 39 135 98 39 15 11

Shahrekord 6 19 41 132 108 26 21 7

Shiraz 12 9 25 157 94 26 35 2

Fasa 12 12 17 175 70 29 43 2

Average 6.83 18.83 27.50 145.33 97 31.17 28 5.33

Percentage 1.90 5.23 7.64 40.37 26.94 8.66 7.78 1.48

3.4.1 Changes in the �rst period compared with the base period
Projected SPEI showed that the frequency of droughts will increase by 11.9% in the �rst period compared to the
base period, and that the frequency of wet months will decrease by 6%. The frequency of normal dry and normal
wet months showed a 1% decrease. Shiraz station will experience the greatest increase in dry periods (52%)
compared to baseline (Tables 8 and 9).
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Table 9
Frequency of SPEI classes during the �rst period (2010-2039)

Stations Extremely
dry

Severely
dry

Moderately
dry

Normal
dry

Normal
wet

Moderately
wet

Very
wet

Extremely
wet

Sanandaj 6 25 29 124 125 23 23 5

Kermanshah 3 21 25 136 114 34 24 3

Khorramabad 2 21 40 115 126 39 13 4

Shahrekord 0 22 36 126 108 43 25 0

Shiraz 0 24 46 107 110 56 16 1

Fasa 8 15 34 132 115 26 20 10

Average 3.17 21.33 35 123.33 116.33 36.83 20.17 3.83

Percentage 0.88 5.93 9.72 34.26 32.31 10.23 5.60 1.06

3.4.2 Changes in the second period compared with the base
period
Results showed that the frequency of drought in the second period will be 12.44% higher than the base period,
which is similar to the changes in the �rst period. Wet periods are also reduced by 1.3%, and the percentage change
in the normally dry and normal wet months is expected to be -2.47% (Tables 8 and 10).

Table 10
Frequency of SPEI classes during the second period (2040-2069)

Stations Extremely
dry

Severely
dry

Moderately
dry

Normal
dry

Normal
wet

Moderately
wet

Very
wet

Extremely
wet

Sanandaj 3 26 32 109 134 30 17 9

Kermanshah 5 20 29 132 109 36 26 3

Khorramabad 1 21 39 107 139 33 15 5

Shahrekord 1 22 33 125 105 48 26 0

Shiraz 0 21 51 110 103 58 17 0

Fasa 7 15 33 127 119 30 28 1

Average 2.83 20.83 36.17 118.3 118.17 39.17 21.50 3

Percentage 0.79 5.79 10.05 32.87 32.82 10.88 5.97 0.83

3.4.3 Changes in the third period compared with the base period
The frequency of drought will increase by 22% in the third period compared to the base period and wet periods will
decrease by 7%. Also, normal dry and normal wet periods will undergo a decrease of 61.3%. At Khorramabad
station, signi�cantly compared to the base period, and Sanandaj station will most frequently experience dry periods
among the stations, with a large change (23%) in drought months compared to the base period (Tables 8 and 11).
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Table 11
Frequency of SPEI classes during the third period (2070-2099)

Stations Extremely
dry

Severely
dry

Moderately
dry

Normal
dry

Normal
wet

Moderately
wet

Very
wet

Extremely
wet

Sanandaj 3 26 40 101 138 29 22 1

Kermanshah 5 21 26 136 112 36 27 2

Khorramabad 1 25 43 115 118 34 22 2

Shahrekord 1 22 39 117 125 38 17 1

Shiraz 0 27 45 105 109 56 17 1

Fasa 8 21 36 122 116 28 22 7

Average 3.00 23.67 38.17 115.17 119.67 36.83 21.17 2.33

Percentage 0.83 6.57 10.60 31.99 33.24 10.23 5.88 0.65

3.5 Spatial changes in SPEI
Investigating the spatial extent of changes in SPEI in the base period showed droughts were most frequent in the
central and northeastern parts of the region and least frequent in the south of the region (Fig. 4). In the �rst period,
extreme droughts are predicted to occur to the south of the central areas, and the northern parts will experience less
severe droughts. The central part of the area is affected by severely dry conditions. The severely dry class will cover
nearly half of the region (47.6%) (Fig. 4 and Fig. 5). In the second period, extremely dry conditions are expected in
the north and south of the region, and severely dry conditions are predicted from the center towards the north. The
severely dry condition will dominate the region with a coverage of 55.4% (Fig. 4 and Fig. 5). In the third period, the
northwest will have moderately dry conditions, and the severely dry class will be the most prevalent at 45.25% (Fig.
4 and Fig. 5).

Similar to past studies (Mehr et al. 2019; Tirivarombo et al. 2018; Pei et al. 2020), we observed differences in
predictions made using SPI and SPEI. From a time series perspective, the changes in SPI and SPEI at each time
scale had some similarities. In short timescales, these two indices had the most �uctuation and the difference
between them was the largest. There was a 30% difference between the frequency of drought intensity classes
predicted based on SPI and SPEI. Over long timescales, the �uctuations in SPI and SPEI were mild and the
differences between them decreased. However, these small changes still led to different classi�cation outputs. Also
kernel smoothing Compared to the classical kriging approach, it shows better performance in certain cases of data
sets and data with unstable behavior.

4 Discussion And Conclusion
In this study, standardized precipitation index (SPI) and standardized precipitation evapotranspiration index (SPEI)
were used to study droughts in the Zagros region of Iran in the past and future. SPI showed that normal classes are
predominant in different periods. However, in the SPEI index, this frequency will increase by 2% relative to the �rst
period relative to the base period, and by 0.3% in the second and third periods by 2099. Using SPI, we found that the
extremely dry class covers the central and southern parts of the region, and the mildly arid class occupies the
northwestern and northeastern parts, with a smaller area. Using SPEI however, it was observed that the extremely
dry class will gradually extend to the northern and southern parts of Zagros, which is consistent with the results of
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similar research in the past (Lee et al. 2017; Potop and Mozny 2011; Stagge et al. 2015). In this study, SPEI
predicted a higher relative frequency for dry conditions compared to SPI, this difference can be attributed to the
sensitivity of SPEI to changes in precipitation and the inclusion of temperature parameters in this index which is
consistent with (Polemio and Casarano 2008; Haile et al. 2020; Lweendo et al. 2017).

Evaluating the performance of GCMs and simulating future rainfall is important to understand current climate
change and its impact on hydrology, water resources, agriculture, and ecology. We found that droughts will become
more frequent in the Zagros region by 2100, which aligns with past studies (Rascon et al. 2021; Goodarzi et al.
2019; Lee et al. 2017; Haile et al. 2020; Bak and Kubiak-Wojcicka 2017; Lweendo et al. 2017; Shao et al. 2018; Yao et
al. 2018). The results of this study can provide valuable input for further studies focusing on the whole country. In
addition, future studies should employ several methods for combining GCMs to reduce the uncertainty associated
with the predictions.

One of the most prominent features of this research is the joint implementation of models to predict the
geographical and temporal extent of droughts in a semi-humid area. The use of other drought indicators along with
other GCMs can be considered in future research. Also, the development of a network of stations measuring climate
parameters could improve the accuracy, reliability, and coherence of predictions. Based on the results, it is expected
that the range of areas affected by drought in the developed region will be necessary, therefore, it is necessary to
make the arrangements and �exibility of the community-based in this region. These predictions can be considered
for the formulation of adaptation strategies in the face of drought. The results of this research can be used to
manage drought risk in the region and to coherently develop water and water supply development projects. These
results are strongly dependent on simulations from only one set of climate change data. There are therefore
limitations due to the uncertainty in various climate change scenarios. However, this study showed that the Zagros
region will be exposed to signi�cant drought due to climate change.
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Figures

Figure 1

The location of the study area and the synoptic stations.
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Figure 2

The spatial distribution of three classes of drought severity based on SPI during the base period (A), �rst period (B),
the second period (C), and third period (D)
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Figure 3

Percentage of drought severity classes in the past and future based on SPI
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Figure 4

The spatial distribution of three classes of drought severity based on SPEI during the base period (A), �rst period
(B), the second period (C), and third period (D)
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Figure 5

Percentage of drought severity classes in the past and future based on SPEI


