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Abstract: Future changes (2015-2100) in precipitation and meteorological droughts in Lake Urmia
Basin were investigated using an average mean ensemble of eight general circulation models (GCMs)
with high-resolution datasets in socioeconomic pathway scenarios (SSPs) from the Coupled Model
Intercomparison Project (CMIP6). In order to project the drought, the standardized precipitation
index (SPI) was calculated. Overall, the results revealed that precipitation in Lake Urmia Basin
will decrease by 3.21% and 7.18% in the SSP1-2.6 and SSP5-8.5 scenarios, respectively. The results
based on 6-month-timescale SPI indices projected more “Extremely dry” events in SSP5-8.5 scenarios.
The frequency of “Extremely dry” months in SSP5-8.5 compared to SSP1-2.6 is expected to increase
by 14, 7, 14, 10, 5, 14, and 7 months for the Mahabad, Maragheh, Saqez, Sarab, Tabriz, Takab, and
Urmia stations, respectively. In contrast, the frequency of “Extremely wet” months will decline for
all stations in Lake Urmia Basin. The results of this study provide useful insight for considering
drought prevention measures to be implemented in advance for Lake Urmia Basin, which is currently
experiencing various environmental issues.
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1. Introduction

Drought is one of the most common and severe natural disasters and has serious eco-
nomic and environmental effects on human communities. Severe and prolonged droughts
can have disastrous consequences, including food shortages, loss of life, and large-scale
migration, particularly in developing countries [1-3]. Climate change is expected to in-
tensify meteorological and hydrological events and increase the frequency of droughts,
particularly in arid and semi-arid regions [4,5]. In comparison with floods and landslides,
droughts affect landscapes on a large scale, and their effects last for a long time [6]. Thus,
the accurate estimation of drought in the context of climate change is crucial.

Droughts are categorized into four main categories based on the classification of Wil-
hite and Glantz [7]: meteorological, agricultural, hydrological, and socioeconomic. Several
indices have been developed for monitoring droughts, such as the standardized precipi-
tation index (SPI), Palmer drought severity index (PDSI), and standardized precipitation—
evapotranspiration index (SPEI) [8,9]. Though the PDSI is most commonly used for drought
analysis, it has certain drawbacks, such as its fixed temporal scale, high dependence on soil
information, and autoregressive characteristics [10]. As an alternative, the SPEI is utilized
to eliminate the downsides of the PDSI by normalizing the difference between monthly
potential evapotranspiration (PET) and precipitation. However, different algorithms can
be implemented for PET, resulting in a significant difference in drought monitoring [11].
In contrast, SPI stands out from PDSI and SPEI due to its simple calculation, flexibility in
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terms of timescales, and low data requirements (only precipitation) [12,13], which led to its
recommendation by the World Meteorological Organization (WMO) as a preferred meteo-
rological drought index [14]. The superiority of SPI indices in the evaluation of drought has
been proved in different areas across the world, including South Africa, Finland, Turkey,
Iran, and Italy [3,15-18].

This research focused on estimating meteorological droughts using the SPI in future
climate change scenarios. Rather than being determined by the average precipitation of
an area, meteorological droughts are characterized by variability in precipitation and can
occur in any climate if there is a significant decrease in precipitation [19].

Iran is projected to experience a 35% decrease in annual precipitation and a 2.6 °C
increase in temperature, making it one of the most vulnerable arid and semi-arid countries
prone to drought in the Middle East [20]. In addition, in combination with environmental
and management-related issues, Iran has been confronted with several environmental
disasters, from the shrinking of rivers and lakes to the depletion of water resources, air
pollution, drought, and floods [21-25]. Therefore, in Iran, the projection of future drought
conditions in climate change scenarios is urgently needed to provide reliable information
and reduce potential damage to ecosystems and water resources. Lake Urmia was once the
second largest hypersaline lake in the world [26]. In the last few decades, anthropogenic
activities such as river regulations, the expansion of irrigation, unsustainable management
practices, and climate change have led to a significant decline in Lake Urmia’s water
levels [21,27-29]. Due to its vulnerability to hydroclimatic events and occurrences such
as drought, this region was chosen for a case study to assess how climate change affects
meteorological droughts.

General circulation models (GCMs) are the most reliable tools for climate change
modeling [30]. These models are from the Coupled Model Intercomparison Project (CMIP)
project, provided by the Intergovernmental Panel on Climate Change (IPCC). Researchers
use GCMs to project key meteorological parameters in order to address climate change
issues. In Iran, these models have been widely used to project the development of climate
variables in the future [24,31-34].

Numerous research has been conducted on drought prediction in Lake Urmia in the
context of climate change [35-37]. However, these studies mainly used CMIP5 datasets to
project droughts in the Lake Urmia Basin in representative concentration pathway (RCP)
scenarios. Furthermore, most previous studies only evaluated droughts based on a few
stations in the basin. In contrast, we projected precipitation and drought across all Lake
Urmia Basin stations, using the latest climate dataset from CMIP6, in SSP scenarios.

The CMIP5 model has several notable shortcomings, including a lack of understanding
of how the Earth’s system reacts to changes in forcing, the origins and effects of systematic
model biases, and uncertainty surrounding scenarios. CMIP6 was developed and intro-
duced to address these shortcomings as an improvement on CMIP5 [38]. CMIP6 offers
significant advantages in climate projections through the integration of a new generation of
scenarios known as Shared Socioeconomic Pathways (SSPs) with representative concen-
tration pathways (RCPs) [39]. Therefore, the knowledge about future droughts should be
updated based on this state-of-the-art dataset.

This study aimed to assess spatial and temporal changes in precipitation and calculate
the frequency of meteorological droughts in the Lake Urmia Basin using the SPI indices
based on different climate change scenarios from the latest report of the IPCC, CMIP6.
The study aimed to provide insight into the likely effects of climate change on drought
conditions in the basin and to support the development of effective mitigation strategies
designed to cope with the adverse impacts of drought on the lake’s water storage and the
surrounding region.

2. Materials and Methods

The Lake Urmia Basin, located between latitudes 35° and 38° N and longitudes 44°
and 47° E, covers an area of 51,801 km? (Figure 1). According to data from the Iran Mete-
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orological Organization (IMO), the basin receives an average of 311 mm of precipitation
annually (Table 1) and has an average annual temperature of 11.4 °C.
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Figure 1. The Lake Urmia Basin’s geographical position and synoptic stations (Figure is created by
ArcGIS software, version 10.8.1).
Table 1. Location and geographic characteristics of selected stations.
Altitude Annual Precipitation Latitude Longitude
(No. Name (m) (mm) ) (E)
(1) Mahabad 1352 390 36.75 45.71
(2) Maragheh 1344 298 37.38 46.23
(3) Saqez 1523 409 36.22 46.27
(4) Sarab 1682 242 37.94 47.52
(5) Tabriz 1364 285 38.07 46.28
(6) Takab 1364 308 36.39 47.10
(7) Urmia 1328 325 37.54 45.07

2.1. Datasets

We used the following datasets for this study:

(1) The daily precipitation data taken from 7 synoptic stations from 1986-2014 were
provided by the Iran Meteorological Organization (IRIMO) (Table 1, Figure 1). These
datasets form the measured synoptic dataset for Iran (www.data.irimo.ir) (accessed

on 10 May 2017).

(2) The precipitation dataset of the GCMs from CMIP6 for the historical reference (1950-2014)
and future (2015-2100) periods were obtained from the NASA Earth Exchange
Global Daily Downscaled Projections (NEX-GDDP) (accessed on 22 November 2022,
https:/ /registry.opendata.aws/nex-gddp-cmip6/).
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2.2. Methods

To assess future meteorological droughts, we applied three steps: (i) the projection
of future precipitation for the study area stations in the SSP1-2.6 and SSP5-8.5 scenarios;
(ii) the calculation of the SPI based on future precipitation; and (iii) the evaluation of future
meteorological droughts in Lake Urmia Basin for a future period.

GCMs are the most popular and reliable tools for understanding future climatic
parameter variations (i.e., temperature and precipitation). GCMs can produce different
projections because of differences in their underlying representations of Earth system
processes. Consequently, no single GCM shows a reliable future climate projection. As a
result, climate projections are more reliable if they are based on an ensemble of models
(e.g., averaging the results), since the ensemble considers the model uncertainty of model
projections [40,41]. Hence, an average ensemble of several GCMs from CMIP6 (Table 2)
were employed to project precipitation variations in the context of climate change in Lake
Urmia Basin. In order to ensure that the employed average mean ensemble values for
precipitation were reliable, these values were compared with the observation dataset. The
detailed features of the GCMs employed in this research are illustrated in Table 2. The
validity of these GCMs in the Lake Urmia Basin and northwest Iran has been approved in
previous studies [36,42—-44].

Table 2. Selected GCMs from CMIP6 to project precipitation and meteorological droughts in Lake
Urmia basin.

Model No. Model Name Research Institute and Country Data Resolution
1 ACCESS-ESM1-5 Australian Community Climate and Earth System 0.25 x 0.25
’ BCC-CSM2-MR Beijing Climate Cen.te.r Chlpa Meteorological 0.25 x 025

Administration

CanESM5 Canadian Centre for Climate Modelling and Analysis 0.25 x 0.25

4 EC-Earth3 EC—EARTH consortium 0.25 x 0.25
GFDL-ESM4 Geophysical Fluid Dynamics Laboratory 0.25 x 0.25

National Institute of Meteorological Sciences/Korea

6 KACE-1-0-G Meteorological Administration, Climate Research Division 0.25>0.25
7 KIOST-ESM Korea Institute of Ocean Science and Technology 0.25 x 0.25
8 MIROCS Japan Agency for Marine-Earth Science and Technology, 025 x 0.25

Atmosphere and Ocean Research Institute

The employed models are based on two climate change scenarios from CMIP6, namely,
the SSP1-2.6 and SSP5-8.5 scenarios. The SSP1-2.6 and SSP5-8.5 scenarios are considered
to be the highest-mitigation and highest-emission scenarios, respectively [45]. The se-
lected GCMs in the SSP scenarios are from the state-of-the-art, high-resolution NEX-GDDP
datasets from CMIP6 [46,47]. These datasets were statistically downscaled to a finer resolu-
tion. In addition, the Bias Correction Spatial Disaggregation (BCSD) method was applied to
reduce biases in regional studies [46,48]. The reliability of this dataset has been approved
in the latest studies [49-51].

This study used the projected future precipitation values from SSP1-2.6 and SSP5-8.5
scenario from CMIP6 as input data for the projection of future droughts.

2.3. Drought Indices

Drought indices are the most common method for monitoring droughts [19]. The SPI
is the most widely used drought index [12,52]. The SPI is a powerful and straightforward
statistical indicator for analyzing droughts on various spatial and temporal scales based
on the probability of precipitation. The SPI is calculated by converting the gamma distri-
bution to a normal distribution. The SPI is calculated by fitting long-term precipitation
data to a probability distribution and then transforming it into a standard distribution.
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Calculating the index involves taking the difference between the mean and standard de-
viation of precipitation over a specified period and dividing the result by the standard
deviation. Nevertheless, precipitation data should be evaluated beforehand according to
the gamma distribution. The drought severity calculated for the SPI can be classified as
illustrated in Table 3. In order to calculate the SPI, the equation provided below was used.
Detailed information about the calculation of drought SPI is provided in Equation S1 in the
Supplementary Materials.

spy= bi="P

M

where P; is the precipitation in the relevant period of i, P is the mean, and o is the stan-
dard deviation.

Table 3. Details and definitions of SPI values (McKee et al., 1993).

Color SPI Class Values
_ extremely wet SPI > 2.0
Very wet very wet 1.50 < SPI<1.99
Moderately wet moderately wet 1.00 < SPI < 1.50
Near normal near normal —0.99 < SPI <1
Moderately dry moderately dry —1.0 <SPI'< —1.50
Severely dry severely dry —1.50 < SPI<—-2.0
extremely dry SPI < —2.0

SPI indices have been approved for the projection of future droughts in SSP scenarios
in recent studies [53-55]. A variety of durations are available for the SPI, such as 1, 3, 6,
and 12 months. According to the WMO [14], SPI6 can demonstrate seasonal precipitation
trends and present a clear trend in precipitation throughout the entire season. Hence, SPI
indices for 6-month periods were computed in this study to assess dryness or wetness in
Lake Urmia Basin.

2.4. Evaluation of Model Performance

The performance of the selected GCM model, in comparison with the observation
data, was evaluated. There are several evaluation criteria used to assess climate model
performance [56]. In the evaluation of the model’s performance, the root mean square
error (RMSE) and coefficient of determination (R-square) were used. The mathematical
equations for calculating the RMSE and R-square are depicted in Equations (2) and (3). The
best model performance between the predicted data and observed data provided values of
R2 = 1and RMSE = 0:

RMSE = |1 ¥ (1, 0, @

om0 m)
\/Ele (0, - 07)" x Xt (H;—H;)

where t is the time period, O; and H; are the observed precipitation and historical precip-
itation values at the i time, and Oi and Hi are the means of the observed and predicted
values, respectively.

RZ

®)

3. Results

In the projection of future precipitation, an average ensemble of eight GCMs were
selected. The comparison of the observed precipitation and the ensemble of historical
GCMs is depicted in Figure 2 in scatterplot form. Additionally, Table 4 shows the RMSE
values for all the stations in Lake Urmia Basin.
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Figure 2. Comparison of observation and historical GCMs precipitation for all stations in Lake
Urmia Basin.

Table 4. Values of RMSE and R-square for Lake Urmia stations.

Mahabad Maragheh Saqez Sarab Tabriz Takab Urmia
R-Square 0.95 0.89 0.95 0.90 0.93 0.93 0.92
RMSE 5.03 6.56 6.85 5.23 6.15 8.64 5.69

The comparisons of the observational data with the historical GCMs depicted in
Figure 2 and Table 4 show that the RMSE and R-square values are in the ranges of
5.03-8.64 and 0.89-0.95. These results reveal that the chosen GCMs have a strong as-
sociation with the data. Therefore, an average ensemble mean of the eight GCMs in the
SSP1-2.6 and SSP5-8.5 scenarios was used to project the monthly precipitation for 2015-2100.
The comparison of the projected precipitation results for SSP1-2.6 and SSP5-8.5, using his-
torical reference data in the form of temporal changes, was conducted with the inverse
distance weighting (IDW) interpolation method in ArcGIS software (10.8.1), as depicted
in Figure 3. In addition, Figures 4 and 5 represent the projections of annual and monthly
precipitation across the study stations.

The projection of precipitation in the future period (2015-2100) in Lake Urmia Basin
shows that in both scenarios (SSP1-2.6 and SSP5-8.5), precipitation will decline in compari-
son with the historical reference period (1950-2014).

An average ensemble of eight GCMs from CMIP6 were used to carry out projections
of future precipitation in the SSP1-2.6 and SSP5-8.5 scenarios. Lake Urmia Basin will
experience a decline in precipitation during the projected period (2015-2100), excepting a
few months in the highest-mitigation scenario (5SP1-2.6). The average annual precipita-
tion is estimated to decrease from 390.83 mm during the reference period (1950-2014) to
378.29 mm and 362.75 mm in the SSP1-2.6 and SSP5-8.5 scenarios, respectively (Figure 4).

An evaluation of drought in Lake Urmia Basin during the reference period (1995-2014)
is depicted in Figure 6. In addition, the future meteorological drought projections using the
SPI indices were based on precipitation projections for SSP1-2.6 and SSP5-8.5. Figures 7
and 8 depict the SPI values for Lake Urmia Basin in the future scenarios. Detailed informa-
tion about the SPI6 values of Lake Urmia Basin for the historical period and SSP1-2.6 and
SSP5-8.5 scenarios are provided in Table S1 (Supplementary Materials).
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The detailed results for the changes in frequency of the SPI categories (Table 3) for
all stations in the study area are illustrated in Figure 9. Additionally, a comparison of the
changes in frequency of the SPI values for the SSP1-2.6 and SSP5-8.5 scenarios is illustrated
in Table 5 and Figure S1 (Supplementary Materials).

Table 5. Comparison of SPI values in terms of frequency for SSP1-2.6 and SSP5-8.5 scenarios in Lake

Urmia Basin.

Stations (1: Mahabad, 2: Maragheh, 3: Saqez, 4: Sarab, 5: Tabriz, 6: Takab, 7: Urmia)
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The estimated future meteorological drought based on the SPI in the SSP1-2.6 and
SSP5-8.5 scenarios for the future period revealed that the SSP5-8.5 scenario will have more
“Extremely dry” months than the SSP1-2.6 scenario. In contrast, the “Extremely wet”
months will be fewer in number in the SSP5-8.5 scenario compared to the SSP1-2.6 scenario.
Mahabad, Sagez, and Takab have more significant declines in the number of “Extremely
dry” months than the other stations in the SSP1-2.6 and SSP5-8.5 scenarios for a period of
14 months (from July 2015 to December 2100). For Maragheh, Sarab, Tabriz, and Urmia, the
“Extremely dry” month frequency is increased by 7, 10, 5, and 7, respectively.

The frequency of drought based on the SPI showed that in both the reference period
and projected future periods, the “Near-normal” category has the highest frequency. The
number of “Near-normal” months will increase (excluding Maragheh and Tabriz) in the
SSP5-8.5 scenario in comparison with the SSP1-2.6 scenario. For instance, the number of
“Near-normal” months is expected to increase from 682 months to 698 months in the case of
the Saqez station. Mahabad, Maragheh, Saqez, Takab, and Urmia will experience a decline
in the number of “Moderately dry” months, whereas the Sarab and Tabriz stations will
experience an increase. For all stations, the “Severely dry” months will be decremental.
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(d) Sarab, (e) Tabriz, (f) Takab, (g) Urmia.
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4. Discussion

In this study, future changes in monthly and annual precipitation in Lake Urmia Basin
were investigated using a state-of-the-art dataset from CMIP6. The impacts of climate
change on precipitation and the frequency of meteorological drought were evaluated based
on an average mean ensemble of GCMs in two climate change scenarios: the SSP1-2.6 and
SSP5-8.5 scenarios. The assessment of the selected GCM model’s performance based on
the R-square and RMSE showed that the average ensemble of models has an acceptable
performance. The evaluation of the model’s performance, demonstrated in Table 4, showed
that the R-square and RMSE values are in the range of 0.89-0.95 and 5.03-8.64, respectively.
The performance of the model is higher in the case of the Mahabad station, with an R-square
of 0.95 and RMSE of 5.03, while the lowest performance is observed for the Maragheh
station, with 0.89 and 6.56 for the R-square and RMSE values, respectively. In general, the
projection of precipitation in Lake Urmia Basin showed that precipitation will decrease
in future periods (2015-2100) (see Figures 3-5). The average annual precipitation in Lake
Urmia Basin is expected to decrease by 3.21% and 7.18% for SSP1-2.6 and SSP5-8.5. It is
expected that annual precipitation in Mahabad, Maragheh, Sarab, and Urmia will decrease
in all scenarios. An increase in annual precipitation for Saqez (1.7%), Tabriz (4.7%), and
Takab (1.7%) stations was only observed in the SSP1-2.6 scenario. This increase in annual
precipitation for some stations in the SSP1-2.6 scenario is a result of the inherent nature of
this scenario, which is known as the most optimistic and highest-mitigation climate change
scenario. In addition, the complex structure of precipitation can cause uncertainties in
the projection of future precipitation [57]. Since local authorities are currently working to
gradually revive Lake Urmia, changes in precipitation patterns caused by climate change
are of great importance.

In the literature review, to the best of the authors” knowledge, there is no study
that states an increase in precipitation for Lake Urmia Basin in future periods in the
highest-emission scenario. Therefore, these results agree with previous studies projecting
future precipitation in Lake Urmia Basin. For instance, Abbasian et al. (2021) projected
that precipitation in Lake Urmia Basin will decline by 8% in the case of RCP8.5 (the
highest-emission scenario) from CMIP5. Ebrahimpour et al. (2019) stated that the annual
precipitation for the same study region will decline by 4.28% (2011-2040), 6.93% (2040,
2041), and 8.64% (2071-2100) in the RCP8.5 scenario. The differences between the changes
in precipitation values estimated for future periods in this study and those of previous
studies are partly related to the selection of GCM models, study periods, and climate
change scenarios. As already mentioned in the Introduction, most previous studies used
the CMIP5 dataset and RCP scenarios. Hence, there are still differences between the changes
in precipitation estimated in this study and previous studies.

The estimation of future meteorological droughts in climate change scenarios is pre-
sented in Figures 6-9 and Table 5 and Figure S1 (Supplementary Materials). In general, the
results indicated that by the end of the 21st century, in Urmia Lake Basin, the frequency of
the “Extremely dry” drought category will increase for all stations in the SSP5-8.5 scenario
in comparison with the historical reference period. It is expected that the frequency of
the “Extremely dry” category will increase from 19, 24, 13, 22, 25, 17, and 22 during the
historical period to 33, 29, 31, 35, 26, 33, and 24 for the Mahabad, Maragheh, Sagez, Sarab,
Tabriz, Takab, and Urmia stations, respectively. In addition, the frequency of the “Extremely
dry” category will also increase in the SSP1-2.6 scenario, in comparison to the historical
period, for all stations excluding the Maragheh, Tabriz, and Urmia stations. The frequency
of the “Severely dry” and “Moderately dry” categories will experience an increase by
the end of 21st century in both scenarios for all stations excluding the Saqez and Takab
stations, which are expected to experience a decrease in the “Moderately dry” category in
the SSP5-8.5 scenario. Without any exclusion, the “Near-normal” category will increase for
all stations and scenarios. The estimation of the frequency of the other categories, including
“Moderately wet”, “Very wet”, and “Extremely wet”, showed that the frequency of these
categories will increase for both scenarios in comparison with the reference period, with the
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exclusion of a few stations (see Table S1). The frequency of the “Extremely wet” category
will be lower in the SSP5-8.5 scenario in comparison with the SSP1-2.6 scenario.

Furthermore, this study’s estimation of future meteorological droughts in the context
of climate change has reliable correlation with previous studies. Ebrahimpour et al. (2019)
projected that, according to SPI and SPEI analyses, drought frequency will increase in the
RCP8.5 scenario. The authors stated that the frequency of the longest drought event, based
on SPI6 from 16 to 18 months in the RCP4.5 scenario over the time periods of 2041-2070 and
2071 to 2100, will increase to 23 and 22 for the same time periods in the RCP8.5 scenarios
(See Table 4 in the abovementioned study). The differences between the estimations of
the frequency of droughts in our study and those of Ebrahimpour et al. (2019) are partly
a result of differences in the selected time periods. In addition, the GCM model selected
in this study is different from that used in the abovementioned study, which could have
affected the precipitation projections and led to differences in the SPI values. Davarpanah
and Erfanian [58] assessed the future meteorological droughts in the same study region
and concluded that there is an increased probability of meteorological droughts in most of
Lake Urmia Basin in the RCP2.6, RCP4.5, and RCP8.5 scenarios. The results of SPI3 (please
see Figure 6 in Davarpanah and Erfanian, 2021) are in strong agreement with our study’s
results. For example, the authors concluded that for the Tabriz and Urmia stations, there
will be an increase in the “Extremely dry” category in all the scenarios.

Overall, based on this study’s results and previous studies (that used different drought
indices to calculate and monitor droughts), the frequency of meteorological droughts in
Lake Urmia Basin will increase. The differences in the frequency of droughts and variations
in precipitation are partly related to the selection of drought indices, time periods, and
various methods and climate models used in the projection of future precipitation.

5. Conclusions

In the current context of climate change and the projected increase in the intensity
of drought events, we projected future meteorological droughts in two future climate
change scenarios, namely, SSP1-2.6 and SSP5-8.5 from CMIP6. The results indicated that
precipitation will decrease in Lake Urmia Basin in both the future scenarios, while the
decline in the SSP5-8.5 scenario will be greater than that in the SSP1-2.6 scenario. The results
of the SPI projections of future meteorological droughts revealed that the SSP5-8.5 scenario
will have a higher frequency of “Extremely dry” months than the SSP1-2.6 scenario. By
comparing the SPI indices for SSP1-2.6 and SSP5-8.5, it was projected that the frequency of
“Extremely dry”, “Near normal”, and “Moderate wet” weather, excluding some stations,
was greater for SSP5-8.5, while the frequency of “Extremely wet”, “Moderately dry”, and
“Severely dry” weather was greater in SSP1-2.6 than in the SSP5-8.5 scenario. Due to the
limitation of the availability of the dataset for the SSP2-4.5 scenario, we only used the SSP1-
2.6 (high-mitigation scenario) and SSP5-8.5 (high-emission scenario) scenarios. Therefore,
the use of the SSP2-4.5 scenario from CMIP6 and other drought-calculating indices is
recommended for future studies aiming to present the possibility of future droughts in
Lake Urmia Basin. The results of this study could be used to present future drought trends
and to consider drought prevention measures based on SSP scenarios.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/w15081558 /s1, Equation S1. The detailed equation for calculation
SPIvalues, Table S1. Comparison of SPI values frequency for Historical reference period, SSP1-2.6
and SSP5-8.5 scenarios in Lake Urmia Basin [12,59,60].
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