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Abstract

The objective of this research is to explore climate change impact on hydrological drought in mountain watersheds. The
Coupled Model Intercomparison Project Phase 6 (CMIP6) models and the Soil and Water Assessment Tool (SWAT) runoff
simulation model were utilized to attain the objective of the study. Moreover, the surface water supply index (SWSI) was
employed to examine hydrological drought. To correct the bias of the selected CMIP6 models (ACCESS-CM2, CNRM-
CM6-1, CNRM-ESM2-1, INM-CM4-8, INM-CM5-0, MIROC6, and MIROC-ES2L), the historical period from 1990 to
2014 was used as a baseline. It was found that the MIROC-ES2L model exhibited greater accuracy compared to the other
chosen models in the context of the examined mountain basin, namely the Ekbatan watershed in Iran. The calibration and
validation of the SWAT model were conducted using the Sequential Uncertainty Fitting version 2 (SUFI-2) algorithm,
covering the calibration period from 2004 to 2017 and the validation period from 2018 to 2020. The results indicated that
the model effectively simulates runoff in the watershed. The highest percentage error, as measured by the Normalized Root
Mean Square Error (NRMSE), was 18.78% during the validation phase. Results from a trend analysis of runoff using the
Mann—Kendall test for the projected period (2023—-2042) indicate that runoff is not expected to exhibit a significant decreas-
ing or increasing trend during this timeframe. Furthermore, an assessment of runoff uncertainty within the projected period
(2023-2042) revealed that the most substantial variability or uncertainty is associated with the month of April, with a range
of 0 to 9.55 m*/s. The comparison of future runoff (2023—2042) with past runoff (2000—2020) indicates an increase in run-
off during typically dry months (August, September, and October). This increase is particularly pronounced in September,
where, under the SSP2-4.5 scenario and the best-performing model (MIROC-ES2L), runoff is projected to be nearly twelve
times higher. This phenomenon may be attributed to the potential occurrence of intense rainfall events influenced by climate
change during the dry season. Additionally, due to the generally low streamflow in this period, the relative increase appears
more significant. When comparing drought conditions between the periods of 2023-2042 and 2000-2020, as assessed by
SWSI, the results show that, on a 12-month scale, drought conditions in the typically wet months (February, March, April,
and May) are expected to intensify under all scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5). In other words, these months
are projected to become drier in the future. The most significant increase in drought severity is anticipated in February under
the SSP5-8.5 scenario, reaching a magnitude of 86.84%. Overall, results indicated an intensification of hydrological drought
during the wet months in the mountainous basin.
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impact on the economy, environment, and society (Mishra
and Singh 2010). Droughts can be classified into the four
distinct categories, namely meteorological, agricultural,
hydrological, and socioeconomic. These categories are
based on the types of water shortages in precipitation, soil
moisture content, streamflow, and water resources (Jehan-
zaib et al. 2020). Among them, hydrological drought is con-
sidered the most significant as it is caused by insufficient
surface or subsurface water resources (Van Loon 2015). This
type of drought has a substantial impact on various sectors
such as agriculture, urban life, industry, and hydropower
generation, which mostly rely on surface water resources
(Vasiliades et al. 2011). While most drought indices have
been created for meteorological and agricultural droughts,
there are also drought indices available for hydrological
droughts. The Streamflow Drought Index (SDI), Palmer
Hydrological Drought Index (PHDI), and Surface Water
Supply Index (SWSI) are three examples of such indices
(Tareke and Awoke 2022). The SDI index is similar to the
Standardized Precipitation Index (SPI) in that it measures
hydrological drought, but it uses streamflow data instead of
precipitation. This index is suitable for studying drought at
a specific site. On the other hand, the SWSI index is appro-
priate for hydrological drought analysis at the basin level. It
takes into account various available sources of surface water,
such as precipitation, streamflow, evaporation, and reservoir
volume (Shafer and Dezman 1982). Therefore, given its con-
sideration of multiple hydrological parameters, this index is
expected to provide a more accurate assessment of drought
conditions compared to other indices. Consequently, it is
selected for this study.

It is predicted that the hydrological cycle will intensify
under the influence of climate change. Moreover, future
drought conditions will be altered in many parts of the
world, especially in mountainous basins, due to changes in
precipitation patterns, precipitation type, changes in snow
accumulation, melting cycles, and increased evapotranspi-
ration (Satoh et al. 2022). As a result, societies are likely
to face a significant challenge in the future mainly due to
water scarcity (Shaigan et al. 2011). Hence, to effectively
plan and manage surface water resources, it is crucial to
predict changes in runoff under climate change conditions,
accurately (Chen et al. 2019; Liu et al. 2021). Several stud-
ies have been conducted to investigate the impact of climate
change on runoff at different watersheds. Notable exam-
ples include the works of Xue et al. (2021), Kiprotich et al.
(2021), Su et al. (2021), dos Santos et al. (2021), Chang
and Su (2021), Lian et al. (2021), Li et al. (2021), Esca-
nilla-Minchel et al. (2020), and Ridwansyah et al. (2020).
However, none of these studies have examined the impact of
climate change on runoff in mountainous basins.

Simulating runoff through hydrological models is essen-
tial for understanding the impacts of climate change on water
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resources and other hydrological processes studies. Accu-
rate models are necessary for the sustainable use of water
resources (Abbaspour et al. 2015). The Semi-Distributional
Soil & Water Assessment Tool (SWAT) is an integrated,
basin-scale model that can be used to study the hydrologi-
cal and biogeochemical impacts of climate change. It is a
comprehensive and accurate tool that can analyze data on
different time scales such as annual, monthly, daily, and
hourly basis. Developed by Dr. Jeff Arnold (1994) for the
United States Agricultural Research Service, this model was
designed to predict the effects of management practices on
water and sediment in large and complex basins with dif-
ferent land uses. Its effectiveness has been demonstrated
in various studies, including those by Arnold et al. (1998),
Shaigan et al. (2011), and Neitsch et al. (2011). Up to now,
various studies have utilized SWAT to simulate runoffs in
basins, including Kamali et al. (2017), Goyal et al. (2018),
Kaffas et al. (2018), Ahmadi et al. (2019), Chen et al. (2019),
de Andrade et al. (2019), Babaeian et al. (2021), and Sama-
vati et al. (2023). Due to its proven accuracy and extensive
application in rainfall-runoff modeling using the SWAT
model, this model has been selected for simulating runoff
in this study.

To predict the future runoff of basins, it is necessary to
make predictions about precipitation and air temperature.
One way to project these parameters is by utilizing the IPCC
reports. These parameters are then inputted into a simula-
tion model to obtain a projection for future runoff (Khazaei
and Mirzaei 2013). Some of the studies conducted to date
on the impact of climate change on basin runoffs, based
on projections from the Intergovernmental Panel on Cli-
mate Change (IPCC) reports and simulations of the SWAT
model. Are as follows. Liu et al. (2021), used the SWAT to
examine the influence of climate change on surface water in
California's South-Central Valley from 2020 to 2099. The
study employed four climate models (HadGEM-ESCMIPS,
CNRM-CMS5, CanESM2, Miroc5) and two emission sce-
narios (RCP4.5, RCP8.5). The results indicated that under
warm weather conditions, the peak river flow was expected
to increase by 0.5-4 times in the coming decades, and it
would occur 2-4 months earlier in the year due to snow
melting. The study also concluded that snow cover would
gradually decrease in the near future, with lower rates at
lower altitudes and higher rates at higher altitudes by the
end of the twenty-first century. The Kelantan River catch-
ment area in Malaysia was studied by Tan et al. (2017) using
CMIP5 and SWAT models. The study involved 36 micro-
scaled weather forecasts from 5 general circulation models
(GCMs) across 3 Representative Concentration Pathways
(RCP) scenarios (2.6, 4.5, 8.5) in the calibrated SWAT
model for the time periods of 2015-2044 and 2045-2074.
The findings indicated an increase in monthly rainfall during
wet seasons and a decrease during dry seasons. The study
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concluded that monthly surface flows were likely to rise in
November, December, and January, while experiencing a
slight decline between June and October within the period
of 2015-2044. Wodaje et al. (2021) conducted a study where
they employed a collection of CMIP5 GCMs to evaluate the
influence of climate change uncertainty on the flood flow of
the Bilate River in Ethiopia. They utilized SWAT to simulate
water flow and presented statistical evidence that the model
accurately predicted the flow. The findings of the study
indicated a significant increase in annual discharge for all
time periods throughout the century. Specifically, under the
RCP8.5 scenario, the flow during the 2080 period exhibited
an approximate 42.42% increase compared to the RCP4.5
scenario. In a study conducted in 2021, Andrade et al. (2021)
examined the future runoff of the Mundau River basin in
Brazil. They utilized two RCMs models, namely Eta-Miroc5
and Eta-HadGEM2, and considered two scenarios, RCP4.5
and RCP8.5. They employed SWAT model to simulate the
runoff of the targeted basin. The findings of their study,
covering the period from 2016 to 2099, indicated a signifi-
cant reduction in rainfall. Specifically, the RCP4.5 scenario
showed a rainfall reduction of 0.04%, while the RCP8.5
scenario exhibited a reduction of 25.3%. A review of the lit-
erature reveals a gap in research regarding the future runoff
of mountainous basins under CMIP6 climate projections.
As climate change impacts runoff, it is expected that the
hydrological drought index will undergo changes in the
future. To date, there have been few studies exploring the
impact of climate change on hydrological drought, includ-
ing: Kamali et al. (2017) investigated the effect of climate
change on drought in the Karkhe River basin, Iran. They
proposed the Drought Hazard Index (DHI), a combination
of meteorological, hydrological, and agricultural droughts,
to assess the occurrence of drought. Their findings indi-
cated that the DHI index was an effective tool for measur-
ing drought in future. Abdulai and Chung (2019), investi-
gated the impact of climate change on meteorological and
hydrological droughts in the Cheongmicheon basin in South
Korea. The study focused on the RCP4.5 scenario of CMIPS5.
The results indicated the occurrence of severe or extreme
short-term droughts based on the SPEI and SDI. In a study
conducted by Salimi et al. (2021), the impact of climate
change on hydrological and meteorological droughts was
investigated. The researchers utilized the SPI, Standardized
Precipitation Evapotranspiration Index (SPEI), and Stand-
ardized Streamflow Index (SSI) to analyze data from the
Navrood and Lighvan watersheds in northern Iran. Their
findings revealed a strong correlation between hydrologi-
cal and meteorological droughts, suggesting that climate
change is likely to be a major factor in the occurrence of
future droughts. Lotfirad et al. (2021) examined the impact
of climate change on SDI in the Central Basin of Iran. They
used data from 23 General Circulation Models (GCMs) from

CMIPS5 and considered two scenarios, RCP4.5 and RCP8.5.
The researchers used the IHACRES model to simulate the
runoff of the basin. The study revealed that the basin is likely
to experience short- and medium-term droughts between
2025 and 2048. Samavati et al. (2023) conducted a study to
investigate the influence of climate change on the SDI in the
Alvand Basin of Iran. The researchers utilized data from four
(GFDL-CM3, EC-EARTH, HADGEM2-ES, and MIROCYS)
GCMs from CMIP5 and took into account two scenarios,
RCP4.5 and RCPS8.5. To simulate the runoff of the basin,
the researchers employed the SWAT model. The results of
the study indicated that the basin is expected to undergo
an intense drought period from 2020 to 2040. Hobart et al.
(2024) examined the impact of climate change on the Stand-
ardized Precipitation Index (SPI) in the Mango orchard
region of Tamale, Ghana, from 2023 to 2050 using CMIP6
models and Shared Socioeconomic Pathways (SSPs). Their
findings indicated that, based on SSP126 and SSP245 sce-
narios, the study area is projected to experience significant
drought during the specified period.

A review of the literature reveals that researches on the
impact of climate change on hydrological drought has pri-
marily relied on drought indices such as SPI, SPEI, and SDI.
These indices are calculated based on a single hydrological
parameter, like precipitation, runoff, or evapotranspiration.
However, drought is a complex phenomenon that is often
associated with multiple hydrological parameters simultane-
ously, making it inappropriate to draw conclusions about a
region's dryness or wetness solely based on a single param-
eter. For example, the SDI is a straightforward method that
relies on a single input variable—streamflow—making it
well-suited for site-specific drought assessments (Tareke &
Awoke 2022). In contrast, the Surface Water Supply Index
(SWSI) was developed by Shafer and Dezman (1982) at
Colorado University for hydrological drought analysis at
regional or basin scales. Unlike SDI, SWSI incorporates
multiple surface water sources, including streamflow, precip-
itation, reservoir levels, and evaporation, to provide a more
comprehensive evaluation of water availability (Hyung-
Joong 2006). Moreover, there is limited research investigat-
ing the impact of climate change on hydrological drought
in mountainous basins, which are particularly vulnerable to
climate change and serve as the sources of surface water
resources. To address this gap, this study aims to investi-
gate the effects of climate change, based on CMIP6 models
and scenarios, on hydrological drought in a mountainous
basin. The Surface Water Supply Index (SWSI) is employed
to calculate the drought index, as it incorporates precipita-
tion, runoff, surface water evaporation, and reservoir stor-
age volume, providing a more comprehensive assessment of
drought conditions in a basin.

This study is mainly aimed to: 1. Simulating rainfall-
runoff in the basin using the SWAT model and calibrating
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it, 2. Comparing observed and historical precipitation
and temperature from GCMs during the baseline period
(1990-2014), and then utilizing climate projections from
7 Model Intercomparison Project, Phase 6 (CMIP6) and
SSP1-2.6, SSP2-4.5, and SSP5-8.5 scenarios for the
future timeframe (2023-2043), 3. Simulating future run-
off (2023-2042) in the basin based on predicted data from
CMIP6 models and calibrated SWAT model parameters,
4. Evaluation of uncertainty in monthly runoff during the
2023-2042 period 5. Investigating the trend of future run-
off from 2023 to 2042 using the Mann—Kendall method,
6. Estimating evaporation in the basin based on projected
temperature using the best CMIP6 model for the basin, 7.
Estimating the volume of the dam reservoir using hydro-
logical data projected by the best CMIP6 model, and 8.
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Materials and methods
The study area

The sub-basin of the Central Zagros Basin in western
Iran, known as the mountain watershed of Ekbatan Dam,
spans from longitude 3,831,000 to 38,493,000 and latitude
268,000 to 287,000. The catchment area of Ekbatan Dam,
which has an elevation range of 1970 to 3467 m, covers an
area of 221.55 km?. Figure 1 shows the location of Ekbatan
dam watershed in Iran. The Eberoo and Yalfan rivers both
converge at the Ekbatan dam, which supplies the water

47°30'0"E 48°35'0"E 49°40'0"E

7
e
=3
-
S

w:
“

34°35'0"N
34°35'0"N

49°40'0"E

47°30'0"E
48°35'0"E

48°35'0"E
48°40'0"E

YRR ;

: batan Dam

34°45'0"N

® Yalfan

34°40'0"N

34°35'0"N

48°35'0"E 48°40'0"E



Applied Water Science (2025) 15:221

Page50f25 221

demands of Hamedan city from this reservoir. Based on the
data from Hamedan synoptic station, the average precipita-
tion, average maximum temperature, and average minimum
temperature in the basin are 316.73 mm, 20.2 °C, and 4.4
°C, respectively (http://www.irimo.ir). The Koppen Geiger
(Kottek et al. 2006) climate classification characterizes the
basin's climate as semi-arid.

SWAT model

This study uses a semi-distribution physical hydrological
model known as SWAT to simulate and predict long-term
runoffs, sedimentations, and chemical-agricultural products
in a watershed. The simulation of hydrological processes
is done in two phases: ground or soil profile and routing
(Arnold et al. 1998). The ground phase calculates the inflow
of water, sediments, nutrients, and pesticides to the main
channel in each reservoir based on the water balance concept
that considers processes such as rainfall, evapotranspiration,
seepage, surface runoff, lateral flow, and groundwater flow.
The routing phase uses the main channel to connect all sub-
basins and simulates the movement of water and sediment
towards the basin outlet (Cibin et al. 2010; Chen et al. 2019).
Interflow in SWAT is calculated using a linear function that

Fig.2 Land use map of the

takes into account factors like slope length and angle, satu-
rated conductivity, soil porosity, and the amount of water
stored in the saturated zone (Gebremariam et al. 2014).
SWAT simulates hydrological cycles based on the water
balance equation (Eq. 1).

t
Swt = SWO + Z (Rday - qurf - Ea - Wseep - ng) (D

i=1

where SW, and SW, (mm) represent the initial and final
soil water levels, and Rg,y, Qqurps By Weep, and Qg,, (mm)
correspond to the rainfall, runoff, evapotranspiration, inter-
flow, and base flow, respectively on the ith day, respectively.

SWAT input data

The Spatial Analyst feature within ArcGIS software is
employed by SWAT to create flow networks and basin
boundaries, utilizing the digital elevation model (DEM)
and raster primary functions, as detailed by Abbaspour et al.
in 2007. Initially, the DEM10 map was acquired from the
Natural Resources Department in Hamedan Province for
modeling purposes, as shown in Fig. 2a. Since the water-
way and sub-basin network was not previously delineated, it
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was established using the "flow direction and accumulation”
technique and subsequently examined in Google Earth, as
illustrated in Fig. 2b. This network and its associated basins
were further subdivided into 27 sub-basins, as displayed in
Fig. 2c. Due to the absence of a provincial soil map, a global
soil map was employed, and the land use map, depicted in
Fig. 2d, was obtained from the aforementioned unit and inte-
grated into the GIS model.

Table 1 provides an overview of the characteristics of
synoptic and hydrometric stations within the Ekbatan
basin. Specifically, Eberoo and Yalfan hydrometric stations
are responsible for gauging runoff within the basin, while
the Ekbatan Dam station, positioned at the dam's outlet,
records and monitors rainfall data. Furthermore, meteoro-
logical parameters such as air temperature, radiation, wind
speed, and relative humidity are meticulously measured and
documented at the Hamedan station, located in close prox-
imity to the watershed. These meteorological data points
play a crucial role in simulating watershed runoff through
the implementation of the SWAT model. It is imperative to
maintain data consistency and completeness when inputting
information into the SWAT model to prevent potential errors
or discrepancies within the model.

Future climate scenarios (CMIP6 SSP Scenarios)

A new generation of GCMs developed for CMIP6 have
been published by the IPCC (AR6) which is now available.
These experiments are based on advanced GCMs that more
accurately represent the complex physical processes within

the climate system than previous GCMs (Wang et al.
2018; Siabi et al. 2023). Based on the most recent trends
in anthropogenic carbon emissions, CMIP6 introduced a
new projection scenario known as the rectangular combi-
nation of SSPs and RCPs (Peng & Li 2021). In general,
new SSPs are scenarios that, in addition to previous RCP
concepts, take into account future socio-economic changes
and contribute to mitigate climate change. Nevertheless,
the CMIP6 climate projections differ from the previous
phase (CMIPS5), not only because of newer forms of cli-
mate models coupled with SSP scenarios, but also because
they show new gap scenarios that were not previously cov-
ered (Siabi et al. 2023). CMIP6 contains seven scenarios:
The four scenarios SSP1-2.6, SSP2-4.5, SSP4-6.0, and
SSP5-8.5 are the updated RCP2.6, RCP4.5, RCP6.0, and
RCP8.5 scenarios available in CMIP5, and the scenarios
SSP1-1.9, SSP4-3.4, SSP3-7.0 are newly added to this pro-
ject (Gupta et al. 2020). Although the historical simula-
tions of CMIP6 cover the period 1850-2014, the current
study considered the 20-year period 1990-2014 to be the
baseline period and corresponded to the station period.
To analyze the GHG emission scenarios in each model
under different climate policies, minimum temperature,
maximum temperature and precipitation from the output
of 7 GCMs based on SSP1-2.6, SSP2-4.5, SSP5-8.5 for
the near future period (2023-2042) were obtained from
the ECMWF-COPERNICUS website at https://cds.clima
te.copernicus.eu/. The specifications of the GCMs used
in the study and their development institutions are listed
in Table 2.

Table 1 Specifications of the

. . Station type Station name  Latitude Longitude Elevation (m)  Data collection period
stations used in the study area
Hydrometric ~ Ekbatan 34°,45'28"  48°,35',59" 1935 2000-2020
Hydrometric Yalfan 34°.43' 43" 48°,36',38" 2074 2000-2020
Hydrometric Eberoo 34°.42' 48" 48°,35",6" 2196 2000-2020
Synoptic Hamedan 34°,46'46"  48°,33"5" 1922 2000-2020
Table 2 Characteristics of the 8 CMIP6 GCMs used in this study (Babaousmail et al. 2022)
No Model name Modeling center (or Group)/Country Atmospheric
resolution
(lon x lat)
1 ACCESS-CM2 Commonwealth Scientific and Industrial Research Organisation/Australia 1.25°%1.875°
2 CNRM-CM6-1 Centre National de Recherches Météorologiques—Centre Européen de Recherche et 1.4°x1.4°
3 CNRM-ESM2-1 de Formation Avancée en Calcul Scientifique/France
4 INM-CM4-8 Institute for Numerical Mathematics/Russian Academy of Science/Russia 1.5°%x2°
5 INM-CM5-0
6 MIROC6 Japan Agency for Marine-Earth Science and Technology, Atmosphere and Ocean 1.4°x1.4°
7 MIROC-ES2L Research Institute, The University of Tokyo, National Institute for Environmen-

tal Studies, and RIKEN Center for computational Science/Japan
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Bias correction method

A variety of methods have been developed to bias the output
of GCMs, ranging from simple scaling methods to more
complex distribution mapping methods (Luo et al. 2018).
Linear scaling (LS) is an effective technique in this case
(Yao et al. 2021). The monthly average of the corrected val-
ues is fully consistent with the observed values in the LS
method. This method typically corrects precipitation with
a multiplier and temperature with an additive value on a
monthly basis, as demonstrated in Egs. (2) and (3), respec-
tively. The assumption is that there will be no change in the
correction factors and additives in use, even under future
conditions (Teutschbein & Seibert 2012; Luo et al. 2018).

M(Pobs,m)]

(2)
H (Phst,m)

cor _
Phst,m,d - PhStJn,d X l

T;C,::m,d = Thxt,m,d + [:u (Tobx,m) —H (Thxt,m)] (3)

por ,and T, are the corrected precipitation and tem-
stm,d hsﬁm,d h ]

perature on the d day of the m" month, respectively; Py, , 4
and T}, , represent the precipitation and temperature
resulting from the main outputs of the GCM in the respec-
tive period. The subscripts d and m denote specific days

and months, respectively, and p indicates the average value.

Surface water supply index (SWSI)

Shafer and Dezman (1982) developed the SWSI in Colo-
rado as a supplement to the Palmer Drought Severity Index.
SWSI considers streamflow, reservoir storage, and snowpack
when assessing drought severity. To calculate the SWSI for
a particular basin, the following steps are taken: monthly
data from reservoir inflow, streamflow monitoring stations,
and precipitation stations within the basin are collected and
combined. The sum of each component is then standard-
ized using a long-term average. Additionally, weights are
assigned to each element based on its frequency of contribu-
tion to the basin's surface water (Tareke and Awoke 2022).
The SWSI equation is given below in Eq. (4):

aPNstrm + bPNpre + cPNrvol — 50

SWSI =
12

“

In this equation, SWSI represents the Surface Water
Supply Index. PNstrm, PNprec, and PNrvol are expressed
as a percentage of non-exceedance for monthly streamflow,
precipitation, and reservoir storage volume, respectively.
The weights for each hydrologic component are denoted
by a, b, and c, with the condition that their sum equal to
1. By subtracting 50 from the calculated values, the SWSI

values are centered around zero. Additionally, dividing by
12 compresses the range of values between —4.2 and +4.2.
The non-exceedance probabilities are derived from prob-
ability distributions fitted to each hydrologic component.
The Eq. (5) represents the formulation of the weighted
factors a, b, and c.
X.

P :szPC=XM1 5)

The proportional values of monthly or annual stream-
flow, precipitation, and reservoir storage are represented
by P,, P,, and P, respectively. The observed monthly or
annual value is denoted as X, while the maximum values
for all components are represented as X ... The weighted
factors can be determined using Eq. (6).

_Pa b= —
a=gnb=gnc= (6)

where: P,, P,, and P, refer to the proportionality of each
component. The total proportionality of all components is
represented by P,, which is equal to the sum of P,, P,, and
P.. The weighted factors for each surface water component
(streamflow, precipitation, and reservoir storage) are repre-
sented by a, b, and c, respectively.

Using Eq. (7), the probability of non-exceedance was
calculated for each component.

m

PN=1-
n+ 1 7

where PN represents the non-exceedance probability of each
component, while m denotes the rank, and n signifies the
total number of data points taken into account in the time
series.

Based on the remarks of Shafer and Dezman, Table 3
classifies SWSI values into eight categories.

The monthly reservoir storage of Ekbatan Dam from
2023 to 2042 was determined through the Standard Oper-
ating Policy (SOP) method, as outlined in Loucks et al.
(1981). As well, the calculation of evaporation from both

Table 3 Drought classification based on SWSI

Class SWSI range Description

A >+4 Abundant supply

B 3.99to 1.99 Wet

C 2t0-0.99 Normal

D —1to—-1.99 Incipient drought

E —-2t0-2.99 Moderate drought
F —-3t0-3.99 Severe drought

G <-4 Extreme drought
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the dam lake and its watershed was executed using the
Hargreaves and Samani (1985) method.

The general flowchart of the present study is shown in
Fig. 3. In this study, initially, the necessary data for runoff
simulation using the SWAT model is inputted and the model
is calibrated and validated for the study area. Subsequently,
climate parameters are projected using CMIP6 models and
scenarios and bias-corrected. The projected data is then
inputted into the SWAT model to simulate future runoff.
The trends and uncertainties in the simulated runoff are sub-
sequently analyzed. In the final stage, the SWSI is calculated
using the simulated runoff, precipitation, and reservoir stor-
age volume data.

Results
Calibration and validation of SWAT model
Calibrating a hydrological model is a subjective process that

requires the researcher's knowledge of their study area. No
automatic algorithm can replace this expertise. As a result,

Fig.3 The proposed modeling

it is important to closely link calibration procedures with
uncertainty analysis, and to quantify the degree of uncer-
tainty associated with the model prediction before perform-
ing any calibration (Abbaspour et al. 2015; de Andrade et al.
2019). The warm-up period for this study, which had a sig-
nificant positive impact on the statistical results, spanned
from 2000 to 2003. The calibration period covered the years
2004 to 2017, while the validation period included the years
2018 to 2020. Given the challenging nature of the mountain-
ous study basin and the complexities involved in obtaining
results, the input parameters were handled on the sub-basin
level. Table 4 presents a list of 16 highly sensitive param-
eters, including their descriptions and calibrated values,
which were used for monthly runoff calibration.

Results showed that, the optimal average value of the
curve parameter (r__CN2) for the basin was determined to
be —0.209. It is noteworthy that this calibration result for the
CN parameter aligns with the findings of Hammouri et al.
(2017). The Baseflow alpha-factor (ALPHA_BF) exhibited
a range of variability from O to 1 day, and it was determined
through calibration to have a value of 0.726. This finding
aligns with the results reported by Fereidoon et al. (2019).
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Table 4 SWAT model parameters calibrated and adjusted values for Ekbatan watershed

No Parameter Description Initial range Calibrated value
1 r_ CN2.mgt Curve Number, moisture condition II -0.2~0.2 —0.209

2 v__ALPHA_BF.gw Baseflow alpha factor (days) 0.0~1.0 0.726

3 v__GW_DELAY.gw Groundwater delay, days 30~450 314.561
4 v_GWQMN.gw Depth of water in shallow aquifer required for return flow, mm 0~5000 4925.482
5 v__GW_REVAP.gw Groundwater "revap” coefficient 0.02~0.2 0.154

6 v__CH_N2.rte Manning's "n" value for the main channel —-0.01~0.3 0.263

7 v__CH_K2.rte Effective hydraulic conductivity in main channel alluvium —-0.01~500 6.332

8 r__SOL_AWC(1).sol Available water capacity of the soil layer -02~04 0.272

9 r__SOL_K(1).sol Saturated hydraulic conductivity -0.8~0.8 0.482

10 r__SOL_BD(1).sol Moist bulk density -0.5~0.6 0.403

11 r__HRU_SLP.hru Average slope steepness 0~0.2 0.0089
12 v__OV_N.hru Manning's "n" value for overland flow 0.1~30 36.738
13 r__SLSUBBSN.hru Average slope length 0~0.2 0.0021

14 v__SMFMX.bsn Maximum melt rate for snow during year (occurs on summer solstice) 0~10 1.641

15 v__SMFMN.bsn Minimum melt rate for snow during the year (occurs on winter solstice) 0~10 12.874
16 v__SURLAG.bsn Surface runoff lag time 0.05~24 3.148

The groundwater delay time (GW_DELAY) ranges from 0
to 500 days, which is the default limit in the SWAT model. In
this study basin, the calibrated value for GW_DELAY was
approximately 315 days. Comparatively, de Andrade et al.
(2019) recorded a value of 135 days for the Mundau” River
basin, while Xue et al. (2014) obtained a calibrated value
of 101 days for the Huolin Basin in China when analyz-
ing the surface current uncertainty parameter and sediment
production. In contrast, Blainski et al. (2017) recorded a
value of 0.65 for the Camboriu” River Basin, indicating that
the time interval required for underground feeding was less
than one day. These variations highlight the significant influ-
ence of drainage zone size on the GW_DELAY parameter.
The amount of return flow (GWQMN) from groundwater is
influenced by factors such as rainfall and evapotranspiration,
with capillary flow playing a significant role. The calibrated
value of 4925.5 mm suggests that the water level must be
at least approximately 4.9 m deep for return flow to occur
in the catchment areas of the region. The mean value of
the calibration for the average slope steepness (r__HRU_
SLP.hru) was 0.0089. Similarly, the average slope length
(r__SLSUBBSN.hru) had a value of 0.0021. The calibrated
value for the Surface runoff lag time coefficient (SURLAG)
in this area was 3.148, which can range from 0.5 to 24. In
the Gharehsoo River basin in Iran, Taie Semiromi and Koch
(2019) obtained a SURLAG value of 3.63. Bhatta et al.
(2019) obtained a value of 0.56 in the Tamor River basin in
Nepal. Aliyari et al. (2019) calibrated the SURLAG for the
Pallet River Basin in Colorado at 6985. In this research, the
Manning coefficient calibration value (v__CH_N2.rte) was
determined to be 0.263. In a study conducted by de Andrade
et al. (2019), the calibration value for CH_N2 was reported

as 0.34. In the investigated basins, Rajib et al. (2016) iden-
tified adjusted CH_N2 values ranging from 0.02 to 0.15.
Zhang et al. (2015) determined this parameter to be 0.03
in the Jinjiang River Basin in China. Pereira et al. (2014)
obtained a CH_N?2 value of 0.011 for the Headwater basin
in southern Brazil. Additionally, the calibrated value for
the effective hydraulic conductivity of CH_K2 in the main
channel alluvium in our study was found to be 67.57. The
calibrated value for the Available soil moisture capacity (r__
SOL_AWC(1).sol) can range from — 60 to + 60%. Different
soil types have values ranging from —0.2 to 0.4 mm/mm.
In this watershed, the calibrated value was 0.272. Aliyari
et al. (2019) obtained the calibrated value of SOL_AWC for
the Pallet River Basin in Colorado at 0.9136. The calibrated
value for saturated hydraulic conductivity (r__SOL_K(1).
sol) was determined to be 0.482. As noted by Andrade et al.
(2013), saturated hydraulic conductivity typically exhibits
significant spatial variability. The SWAT model, however,
does not consider this spatial distribution but instead relies
on an average value for a specific soil type. Consequently,
the model derives the maximum permissible value during
the calibration phase through the optimization process. The
range for the Moist bulk density (r__SOL_BD(1).sol) is
from —0.5 to 0.6%. For the watershed under study, this value
was determined to be 0.403.

Evaluating model calibration involves comparing the
simulated and observed hydrographs, which is an important
procedure (Andrade et al. 2013; Babamiri et al. 2022). Fig-
ure 4 displays the hydrographs observed and simulated by
the SWAT model for the calibration and validation phases,
using monthly time steps, at the Yalfan and Eberoo stream-
flow gauge stations in the Ekbatab dam watershed. In this
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study, to warm up the model, data from 2001 to 2003 were
utilized. The calibration period spanned from 2004 to 2017,
accounting for 70% of the total data period, as is common in
similar studies. The extended calibration period was specifi-
cally designed to enhance the model's ability to accurately
simulate peak runoff events, a known challenge for SWAT
model.

The comparison revealed a satisfactory fitting between
the measured and simulated hydrographs. While the model
performed well in simulating overall basin runoff, certain
discrepancies were observed in the simulation of peak
flow, particularly at the Yalfan station during the valida-
tion period. To enhance the model's accuracy, especially
in capturing peak flows, the calibration period, 70% of
the data, was employed. However, the Nash—Sutcliffe Effi-
ciency (NSE) value at the Yalfan station during validation

@ Springer

was 0.56, which, according to Moriasi et al. (2007), is
considered adequate for SWAT model. Notably, the mod-
el's primary errors were confined to peak flow simulation,
while the overall trend of simulated and observed runoff
exhibited no significant differences. The range of R? for
both stations in calibration and validation was in the range
of 0.67 to 0.73. The NS coefficient for calibration was
0.72 and 0.66 for the Yalfan and Eberoo stations, respec-
tively, and it was 0.56 and 0.65 for validation, respectively.
The percentage of error according to the NRMSE coeffi-
cient was 13.39% and 11.98%, respectively for Yalfan and
Eberoo stations in the calibration stage. In the validation
stage, this value was 17.79% and 18.78%, respectively. In
general, according to the above criteria, the SWAT model
has a satisfactory simulation in runoff based on Moriasi
et al. (2007) proposed classification.
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Evaluating the selected CMIP6 models

The maximum and minimum air temperature dataset were
obtained for Hamedan station, while precipitation data were
collected for Ekbatan station. For the current study, the
20-year period from 1995 to 2014 was selected as the base-
line period for bias correction and selecting the best model.

Figure 5 presents the Taylor diagrams for chosen mod-
els before and after bias correction. This diagram enables
simultaneously the assessment of correlation, error, and
the comparison of standard deviation between multiple
model outputs and observed values. In this figure, the
observational data is marked by a red square point (OBS),

while the selected models of CMIP6 are represented by
dots of different colors. Based on the Fig. 5(a), prior to
implementing bias correction, the MIROC-ES2L model
outperforms other models for the precipitation parameter.
This superiority is attributed to its proximity to the obser-
vation point, resulting in an RMSE of 10.3 (mm/month)
and an R-value of 0.88. Regarding the maximum tempera-
ture, the MIROC-ES2L and ACCESS-CM2 models appear
to be the most accurate compared to other models. This is
due to their proximity to the observation point and high
R values of 0.99, as well as RMSE values of 1.97 and
1.98 mm/month, respectively (Fig. 5b). Furthermore, prior
to bias correction, when assessing minimum temperature,

Fig.5 Taylor diagrams to
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the MIROC-ES2L model exhibits the least error in com-
parison to alternative models, with an RMSE of 2.1(mm/
month) and an R-value of 0.98 (Fig. 5c). Following the
bias correction, all models show a negligible error in their
parameters. In other words, all indicators match the obser-
vation data indicator precisely (a’, b’ and ¢’ of Fig. 5).

Evaluating of the future runoff under selected
models and scenarios

Figures 6 and 7 display the projected runoff for Yalfan and
Eberoo stations using the SWAT model, based on CMIP6
models (ACCESS-CM2, CNRM-CM6-1, CNRM-ESM2-1,
INM-CM4-8, INM-CM5-0, MIROC6, and MIROC-ES2L)
across three different scenarios (SSP1-2.6, SSP2-4.5, and
SSP5-8.5). As depicted in Fig. 6, it can be inferred that the
ACCESS-CM2 model predicts a higher runoff compared to
the other models at the mentioned stations. Conversely, the
CNRM-ESM2-1 model projects the lowest runoff within
the study area.

To examine the future runoff (2023 to 2042) trend, the
Mann-Kendall (MK) method [Mann (1945) and Kendall
(1975)] was employed. The Z and S criteria of the MK test
are presented in Table 5. It can be seen that in most of the
runoff series, the future runoff does not have a significant
trend under the investigated models and scenarios. Except
for the runoff related to models INM-CMS5-0 under the
SSP1-2.6 scenario and CNRM-CM6-1 under the SSP5-8.5
scenario, which respectively have a positive and signifi-
cant trend at the 10% and 5% levels. The trend line shows
a positive slope in all models for the SSP1-2.6 scenario,
except for the MIROC-ES2L model. In simpler terms,
runoff is generally increasing, though this increase is not
statistically significant.

Table 6 illustrates the percentage of runoff changes
between 2023 and 2042 in comparison to the period from
2000 to 2020, on a monthly basis. It can be seen that, the
month of September shows the highest increase in runoff
among all months in all the studied scenarios, with aver-
ages of 863%, 1017.98%, and 820.98% for the SSP1-2.6,
SSP2-4.5, and SSP5-8.5 scenarios, respectively. Con-
versely, the month of July exhibits the highest decrease in
runoff among all the studied scenarios, with percentages
of —49.70%, —42.54%, and — 49.77% for the SSP1-2.6,
SSP2-4.5, and SSP5-8.5 scenarios, respectively.

The most significant rise in runoff is associated with
the month of September in the SSP2-4.5 scenario and the
CNRM-ESM2-1 model, amounting to a 1438.7% increase.
Conversely, the most substantial reduction in runoff occurs
during July under the SSP5-8.5 scenario and the INM-
CM5-0 model, resulting in a decrease of —71.85%.
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Generally, across all scenarios, there will be a decline in
runoff from January to July and an upsurge in runoff from
August to December compared to previous periods.

Uncertainty analysis

To explore the spectrum of potential runoff variations in the
future using the SWAT model within the scope of the studied
models, we initiated the process by generating monthly aver-
age temperature and precipitation data from these models
(Babamiri and Dinpashoh 2024). Subsequently, discrepan-
cies computed for each model in comparison to the base
period average (Muronda et al. 2021), visualizing these vari-
ations through a Villon diagram. Moving forward, we con-
structed a violin plot specifically for the runoff data derived
from the CMIP6 models under investigation (Fig. 8). As
indicated in the figure, a discernible pattern emerges wherein
both the highest and lowest temperatures exhibit a consist-
ent seasonal progression. The most significant variations
in these stochastic parameters manifest during the colder
months of the year, typically around 20 degrees Celsius.
As observed (Fig. 8c), there is a substantial fluctuation in
precipitation during the wet months, whereas during the
dry months (June, July, August, September), precipita-
tion is minimal or virtually absent. The most significant
variations occur in March and April, with values ranging
approximately from O to 260 mm. The majority distribution
of precipitation during the March and April falls within the
0 to 75 mm range. In April, the interquartile range spans
from 32.2 to 73.5 mm, while in March, it spans from 29.3
to 65.2 mm.

It is evident that despite minimal precipitation from June
to September, runoff persists due to the mountainous terrain
and the presence of snow reserves in the study area (Fig. 8d).
The most notable variations in runoff occur during April
and May, typically ranging from O to 9.4 cubic meters per
second. The predominant distribution of runoff during these
months falls within the 0 to 3.5 m?/s range. Specifically, in
April, which experiences the highest runoff levels, the inter-
quartile range spans from 1.82 to 3.88 m%/s.

Evaluating of the surface water supply index (SWSI)

Shafer and Dezman (1982) developed the SWSI in Col-
orado as a supplement to the Palmer Drought Severity
Index. SWSI considers streamflow, reservoir storage, pre-
cipitation, and evaporation when assessing drought sever-
ity. Figure 9 shows the SWSI values on a monthly basis
for the period of 2007 to 2022, with time scales of 1, 3, 6,
and 12 months. For the time windows of 1 and 3, the SWSI
value is mostly within the range of —0.99 to 4, indicating
normal, and wet conditions in the watershed. However,
there were a few months having negative SWSI values in
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Table5 The Z and S values

; ; Model SSP1-2.6 SSP2-4.5 SSP5-8.5

obtained for runoff in monthly

timescale using the Mann— TestZ S TestZ S Test Z S

Kendall test
ACCESS-CM2 1.52 0.30 -1.33 -0.32 -1.20 —-043
CNRM-CM6-1 0.42 0.05 —0.36 -0.10 2.24™ 0.45
CNRM-ESM2-1 1.46 0.24 —-0.75 —0.15 1.52 0.18
INM-CM4-8 1.52 0.36 —0.81 —0.13 -0.16 -0.02
INM-CM5-0 1.72" 0.23 0.42 0.09 0.16 0.02
MIROC6 0.03 0.01 0.10 0.03 0.10 0.02
MIROC-ES2L -1.14 -0.09 1.52 0.22 0.23 0.02

The values indicated in italics with an asterisk, and with two asterisks denote to be significant at 5, and 1

percent levels, respectively

2008, 2013, and 2022 when the basin encountered moder-
ate to severe drought conditions (Fig. 9a and b). Based
on time window 6, it can be affirmed that the most severe
drought occurred between April and July of 2022 (Fig. 9c¢).

In the context of a 12-month time scale (Fig. 9d), which
serves as the main hydrological drought indicator (Mishra
and Singh 2010), the basin's drought history is as follows:
From July 2007 to May 2008, the basin endured a period
of severe drought. Between October 2012 and May 2013,
the basin experienced moderate drought. The basin expe-
rienced wet conditions from January 2018 to April 2020.
However, from May 2021 to January 2022, the basin
underwent another severe drought episode.

Figures 10, 11, and 12 show the projected SWSI time
series from 2023 to 2042 for the best model (MIROC-
ES2L) across three distinct scenarios: SSP1-2.6, SSP2-4.5,
and SSP5-8.5.

Under the SSP1-2.6 scenario, Fig. 10 shows that the
basin is likely to experience normal and wet conditions
based on a one-month timescale from November 2029 to
July 2040. On the other hand, it is expected to undergo
severe drought during the dry months of 2023, 2024, 2025,
and 2041. The SWSI trend in the three-month and six-
month timeframes would be similar to the one-month pat-
tern, except for an extended duration of drought during dry
months. In a 12-month timescale from 2029 to 2038, the
basin is projected to maintain normal and wet conditions.
However, it's important to note that moderate or severe
drought is expected in 2023, 2025, 2028, and during the
period between February 2040 and March 2041.

Figure 11, under the SSP2-4.5 scenario, indicates that
the basin will experience normal and wet conditions in
terms of dryness within a one-month timescale from Feb-
ruary 2026 to November 2033. The trend in the three-
month and six-month timescales is similar to that of
the one-month. However, in a 12-month timescale from
January 2033 to February 2036, the basin is expected to
encounter moderate to severe drought. The most severe

drought conditions are anticipated to occur in February
and March 2034, as well as September and October 2041.

According to Fig. 12 in the SSP5-8.5 scenario, the basin
is projected to experience wet conditions under all time-
scales from January 2038 onwards. However, when consid-
ering the twelve-month time scale, there will be two periods
of severe drought in the basin from May 2026 to April 2027
and from December 2034 to April 2035.

Table 7 presents the SWSI change percentages between
2023 and 2042 in comparison to the preceding period for
the MIROC-ES2L model across the three mentioned sce-
narios. It is evident that during the months of January and
February, across all three scenarios and time scales of 1
and 3 months, the SWSI value were increased, indicating a
decrease in basin dryness. The highest increase is observed
during January under scenario SSP1-2.6, with a reduction
in basin drought levels nearly 60 times greater compared to
previous conditions. Additionally, in the months of Octo-
ber, November, and December, across time scales of 1, 3,
and 6 months, drought levels decrease consistently under
all scenarios. Across all scenarios and within the 12-month
time scale, the wet season months (February, March, April,
and May) experience an increase in dryness, indicating a
drier basin. The most significant increase in dryness within
this time frame is observed in February, particularly under
scenario SSP5-8.5, where it reaches a substantial — 86.84%.

Discussion

Various studies investigating the impact of climate change
on the environment have produced reasonable results using
models from CMIP3 to CMIP6 (Sherafati and Pezeshki
2020, Shadkam et al. 2016, Vaghefi et al. 2019, Samavati
et al. 2023, and Peres et al. 2023). In this study, CMIP6 mod-
els and scenarios were employed to assess the effects of cli-
mate change on runoff and hydrological drought. Among the
models considered, the MIROC-ES2L model demonstrated
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Table 6 Percent of changes in runoff monthly variations for all used models and scenarios compared to the past

ACCESS-CM2 CNRM-CM6-1 CNRM-  INM-CM4-8 INM-CM5-0 MIROC6 (%) MIROC-ES2L.  Average (%)

%) %) ESM2-1 (%) %) %)
%)

SSP1-2.6

January —37.49 93.93 —39.36 —37.28 14.74 -21.35 —73.60 —-14.34
February  —63.58 134.22 -50.73 —40.80 37.71 15.77 —79.88 -6.76
March 20.00 44.94 12.60 58.39 22.62 42.88 6.78 29.74
April 6.60 —-33.12 6.04 20.93 —39.37 —24.68 11.90 -17.39
May 7.82 —53.10 —14.99 —22.12 —63.91 -50.76 —17.61 —29.24
June —1.31 —61.85 —30.28 -37.07 —66.95 —60.64 —24.31 —40.34
July —-17.74 —67.65 —40.74 —46.60 -71.76 —65.34 —38.09 —49.70
August 123.13 —-491 124.81 48.00 —15.87 0.88 65.61 48.81
September 1283.95 592.87 1383.33 861.09 455.85 555.78 908.14 863.00
October 107.80 129.50 90.09 —343 50.46 88.98 98.99 80.34
November  86.59 221.62 68.34 —47.79 37.85 63.15 4.72 62.07
December 80.55 262.77 100.06 -10.22 113.18 75.13 —-7.81 87.67
SSP2-4.5

January —43.83 144.99 —43.11 —-41.33 12.85 0.30 —55.79 -3.70
February —74.86 167.59 —45.52 —45.28 24.13 12.10 —68.72 —4.36
March 35.38 78.97 -0.18 40.03 20.47 20.17 39.15 33.43
April 28.73 —27.82 5.09 9.09 —-42.59 —33.37 27.58 —-4.75
May 6.35 —56.94 -8.99 —-24.33 —-62.23 —48.41 17.49 -25.29
June —-10.12 —64.75 —25.89 -37.76 —63.41 —57.24 —4.47 —37.67
July —21.83 —55.89 —18.61 —46.94 —68.96 —63.62 —-21.93 —42.54
August 12291 38.54 151.10 47.10 -6.10 1.72 115.70 67.28
September 1348.37 1092.02 1438.72 848.37 571.20 567.95 1259.26 1017.98
October 198.65 256.91 106.86 88.56 94.11 68.84 172.49 140.92
November 164.38 180.60 82.47 —19.69 45.68 66.88 47.16 81.07
December  102.50 319.14 69.94 13.01 108.30 140.03 19.00 110.27
SSP5-8.5

January —-30.08 129.03 —49.43 —43.00 —-6.91 —19.31 —73.44 -13.31
February —52.72 147.64 —-51.02 —43.61 29.54 5.55 —79.50 —-6.30
March 18.44 42.82 —-4.12 65.87 17.31 6.13 9.81 22.32
April 31.43 —43.30 10.07 21.70 —45.92 —42.01 33.22 —-4.97
May 2.88 —61.90 —10.81 -19.92 —63.84 —57.82 14.85 —28.08
June —-12.07 —66.88 —-27.53 —36.95 —65.47 —-64.71 -9.13 —40.39
July —24.41 —71.25 —40.54 —45.72 —71.85 —69.77 —-2547 —49.77
August 113.29 —14.96 62.30 49.87 -17.10 —-16.78 104.88 40.22
September 1279.11 527.83 963.84 860.81 488.41 438.14 1188.72 820.98
October 190.41 137.48 51.55 55.03 63.11 81.95 132.65 101.74
November 153.50 200.12 41.74 —-21.35 7.70 43.89 —10.18 59.35
December 127.11 270.72 63.55 3.91 56.77 106.40 5.74 90.60

the most accurate prediction for the Ekbatan watershed, CMIP6, along with the MIROCS model in CMIP5, exhibit
which is a mountainous watershed. The findings from a  strong predictive capabilities for precipitation, as reported
comparison between CMIP6 and CMIP5 models indicate =~ by Kamruzzaman et al. (2021). Additionally, Zamani et al.
that the ACCESS-CM2 and MIROC-ES2L models within ~ (2020) have reported that CMIP5 outperforms CMIP6

@ Springer
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Fig.8 Violin plots to evaluate the monthly pattern of air temperature, precipitation and runoff distributions in the Ekbatan watershed

during the autumn season; however, it's worth noting that
overall, CMIP6 exhibits lower accuracy in predicting both
precipitation and temperature. Recent studies in Iran have
highlighted the superior performance of several selected
models in this study for projecting key climate parameters.
For instance, Niroumandfard et al. (2022) and Shoja and
Shamsipour (2023) evaluated CMIP6 models for tempera-
ture and precipitation projections and identified CNRM
and MIROC variants as top-performing models due to their
accuracy in capturing regional climate patterns and variabil-
ity under SSP scenarios. Moreover, studies in regions with
climates comparable to that of the Ekbatan watershed further
support our model selection. Abdolalizadeh et al. (2023)
and Ershadfath et al. (2022) assessed CMIP6 models in

areas with hydrological and topographic similarities to our
study region, collectively identifying models such as INM-
CM5-0, ACCESS, and MIROC-ES2L as particularly effec-
tive in reproducing observed trends and projecting future
climate conditions. The runoff simulation in the study area
was conducted using the semi-distributed SWAT model,
which generally performed well. However, there was a rela-
tive error in simulating the peak runoff, which aligns with
the findings of Sharafati and Pezeshki (2020) and Zakizadeh
et al. (2021). Nevertheless, this limitation does not impede
the investigation of hydrological drought, which remains the
primary focus of our study. The outcomes from simulating
future runoff patterns in response to climate change indi-
cate that during the dry months (June, July, August, and
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Fig.9 Monthly variations in SWSI in Ekbatan watershed (2007-2022) in different timescales: a 1 month, b 3 month, ¢ 6 month and d 12 month

September), despite the absence of precipitation, runoff
will still occur due to the mountainous area and presence of
snow cover in the watershed. In this study, the hydrological
drought in the basin was examined using the SWSI index.
Unlike other hydrological drought indicators that solely
consider runoff, the SWSI index incorporates parameters
of precipitation, runoff, and water storage volume in the
basin. This comprehensive approach enable researcher for
better prediction of drought. This finding is supported by the
works of Aghelpour (2021) and Tareke and Awoke (2022),
reflecting the significance of considering multiple factors
in assessing drought conditions in a catchment. The SWSI
index was utilized in this study to examine the impact of
climate change on hydrological drought in the basin. Results
from three future scenarios indicate that traditionally in dry
months runoff, will be increased in the study region. It seems

@ Springer

that this trend is partly due to the mountainous terrain of the
basin and the anticipated rise in air temperatures between
2023 and 2042. As air temperature increases during the
warm months, snowmelt will accelerate, leading to height-
ened runoff. These findings are consistent with the results
of Zakizadeh et al (2021) who studied similar work in the
Darabad basin of Tehran, Iran, which used the CanESM?2
model under RCP2.6, RCP4.5, and RCP8.5 scenarios. In
contrast, Abbaszadeh et al. (2023) predicts a decrease in
runoff in the arid region of southern Iran due to higher tem-
peratures and increased evaporation. Several studies have
examined the impact of climate change on future droughts
in different regions. For instance, Lotfirad et al. (2021) con-
ducted a study in southwest Iran, Jehanzaib et al. (2020)
in northern South Korea, Peres et al. (2023) in Italy, and
Gond et al. (2023) in northern India. The findings of these
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Fig. 10 Monthly variations in SWSI in the future period at 1, 3, 6, and 12- month timescales in Ekbatan watershed under MIROC-ES2L model

and the SSP1-2.6 scenario (2023-2042)

studies indicate that meteorological droughts are expected to
increase due to rising air temperatures and increased evapo-
transpiration. However, in a recent study, it was observed
that dryness increased during the wet months of the year
(February, March, April, and May), but decreased during the
dry months of the year (August, September, and October).
This could be attributed to the mountainous topography of
the basin and its snowy regime.

Conclusion

The study utilized various models and scenarios from the
CMIP6 dataset, including ACCESS-CM2, CNRM-CM6-1,
CNRM-ESM2-1, INM-CM4-8, INM-CM5-0, MIROCS6,

and MIROC-ES2L. The findings showed that out of all the
used models, MIROC-ES2L was the most accurate model
with the least amount of error when studying the impact of
climate change on hydrological drought in the mountain-
ous basin. Also, the runoff simulation outcomes using the
SWAT model in the watershed demonstrate a satisfactory
level of accuracy for the model. The projections for future
runoff, influenced by the climate models mentioned above,
indicated that the ACCESS-CM2 model predicts the highest
runoff, while the MIROC6 model anticipates the lowest run-
off levels. The analysis of future runoff changes from 2023
to 2042 compared to the previous period (2000 to 2020)
reveals that there will be an increase in runoff during the dry
months of the year, with September experiencing the highest
increase of 1017% under the SSP2-4.5 scenario. Considering

@ Springer



221 Page 20 of 25

4
3
2
~~
viIH l] nn
gﬁ |
=1
2
-3
-4
o T O - QN O &N N0 0N -
R ERERERERERE
SEEEEEEEEE35353
4
3
| I‘ ‘ll
~~
\ol‘
= | AR
1 Y'
= J
-1
wn
-2
3
-4
Lz L - - B — I o B BT T - - A — ]
R E AR ELEA R LR
2 82 = Q0 8:»;"’
B2 33358508 8

Applied Water Science (2025) 15:221

5

4

3
~ 2
(2]
7, dl | Au‘ﬂ

|

5 ‘ | 1L ‘
®w ]

-2

-3
-4
R - B R R
'“."‘."."1"‘."’?2"."?”.’"?"."."‘?
- L hp = 2 =
= = © A o 9 =2 «UG?as
nnz‘gmmHQEOE.gna
4
3
2
~
=’1
Hol ‘
g \
- -1
(7]
-2
-3
ol
L2 L A B = B o I L I el - - B — T |
"."’.“‘."‘."‘."?2"."?'?"-"’.".’7
2 2 > = 2 0 O P, W =2 =
] on.mcla:dﬂa“l!?a
S ZzAanm~mPAZ0Zs 2528

Fig. 11 Monthly variations in SWSI in the future period at 1, 3, 6, and 12- month timescales in Ekbatan watershed under MIROC-ES2L model

and the SSP2-4.5 scenario (2023-2042)

a nearly ten-fold increase in runoff during warm months, it
can be inferred that the intensity of instantaneous runoff in
mountainous basins is on the rise. Conversely, there will be
a decrease in runoff during the wet months of the year. The
analysis of the runoff trend during the period from 2023 to
2042 indicates that, for the most part, there will be no signif-
icant increase or decrease in runoff across mentioned models
and scenarios. However, the CNRM-CM6-1 model under the
SSP5-8.5 scenario showed increasing trend in runoff at the
95% confidence level. The SWSI analysis outcomes for the
top-performing model, MIROC-ES2L, indicate that, under

@ Springer

the SSP1-2.6 scenario, the basin is projected to undergo a
sustained wet phase spanning from 2024 to 2033. In con-
trast, under the SSP5-8.5 scenario, this prolonged wet period
is expected to shift to the years 2037 to 2042. Overall, across
all scenarios, the findings indicated a reduction in drought
severity during the dry months of the year (August, Septem-
ber, and October), while conversely, an increase in drought
severity is projected for the wet months of the year (Feb-
ruary, March, April and May). The study's evidence dem-
onstrates that climate change will exacerbate drought dur-
ing the wet months of the year and intensify runoff volume
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Fig. 12 Monthly variations in SWSI in the future period at 1, 3, 6, and 12- month timescales in Ekbatan watershed under MIROC-ES2L model
and the SSP5-8.5 scenario (2023-2042)

Table 7 Percentage changes in future SWSI variations compared to the base period on MIROC-ES2L model in Ekbatan basin

SSP1-2.6 (%)

SSP2-4.5 (%)

SSP5-8.5 (%)

1 3 6 12 1 3 6 12 1 3 6 12
January 291.23  6053.92 2223 34.78 260.08 5571.84 16.67 —19.19 257.37 4391.70 34.12 -22.61
February 3266.48 19.55 311 =55.12  3279.04 16.46 1.57 -15.19 3611.39 26.86 18.38 —86.84
March 131.54 0.65 —-3.57 —45.34 116.35 1.07 -521 -8.46 163.23 8.81 11.85 -73.32
April 1.11  —14.66 —42.82 -51.56 341 -1233 -2895 -22.79 20.20 -0.95 -7.84 -=79.92
May -23.63 —-4026 -229.75 —-4127 -1335 -26.13 -151.88 -18.79 041 —-1531 -191.18 -55.04
June —-47.61 —-90.00 -390.65 —-18.95 —30.99 —-61.02 -33898 -21.70 -797 5548 —-561.72 —-37.45
July —-7417 -19692 —-62.64 —-0.63 —46.09 -14546 -37.67 -16.08 —-32.82 —-19821 -197.10 -15.02
August —142.57 -166.34 91.16 2487 —89.30 -—137.52 8132 -2.66 -107.93 -272.06 —22.08 —1.09
September —366.35 —65.10 367.87 40.14 —-180.98 —55.34 265.08 —11.71 —463.96 —179.68 228.92 5.93
October 44.94 28.41 282.31 48.74 72.64 1.68 210.02 —-17.24 —-58.64 4.27 297.18 11.18
November 42.84 54.22 48.82 71.24 47.68 38.73 31.61 -13.25 69.39 50.75 63.21 0.66
December 148.80  1073.75 41.05 75.25 51.57 646.97 19.73 —-23.95 142.17 468.54 42.63 —17.51
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during the dry months of the year, which is one of the main
results of this research in mountainous basins. Therefore, it
is crucial to prioritize efforts to mitigate these effects.
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