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Abstract

Drought, as a recurrent climatic phenomenon driven by prolonged precipitation deficits,
has intensified in recent decades, causing widespread impacts on agriculture, water re-
sources, and socio-environmental sustainability. This trend is particularly evident in arid
and semi-arid regions such as Iran, highlighting the critical need for continuous monitor-
ing and assessment. This study proposes a novel downscaling framework using Stacked
Generalization, which differs from traditional ensemble methods by using base model
predictions as inputs to a secondary model. This two-stage approach captures complex
dependencies, leading to improved downscaling performance. The refined outputs were
then used to analyze drought characteristics based on the best-performing Global Climate
Models (GCMs). Then, the next objective is to better determine future drought charac-
teristics by utilizing the more accurate results obtained from the proposed downscaling
approach. It further aims to improve the identification of future drought characteristics
using the more accurate results obtained from the proposed downscaling approach. The
results indicated that the Stacked method consistently outperformed the individual base
ones (MLP, SVR, and RF), achieving the highest Nash—Sutcliffe Efficiency (NSE) across
all stations and climate models, and exhibiting the lowest Mean Squared Error (MSE)
compared to the other methods. Additionally, the Standardized Precipitation Index (SPI)
was calculated using a parametric method at 3-, 6-, and 12-month timescales. The findings
indicated that, while short-term drought characteristics remain stable, long-term droughts,
as represented by SPI-12, are projected to become longer and more severe, particularly
in certain regions.
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1 Introduction

An extreme event like drought, is one of the most widespread challenges to the resilience of
socio-environmental systems, imposing serious adverse impacts on social, economic, and
environmental sustainability (Tirivarombo et al. 2018; Laimighofer and Laaha 2022; Sunusi
and Auliana 2025). Drought is a natural climatic recurring event caused by over prolonged
periods, which is typically characterized by precipitation levels falling below the long-term
average, notably in the case of meteorological drought (Dai 2011; Huang et al. 2016). In
recent decades, droughts driven by precipitation deficits and extreme dryness have led to
cascading impacts such as crop failures, reduced agricultural productivity, decreased water
availability, food shortages, loss of hydropower production, wildfires, and other significant
damages worldwide (Laimighofer and Laaha 2022; Bhardwaj et al. 2025; Sunusi and Auli-
ana 2025). In this regard, assessment and monitoring of its effects and progress are essential.

Over the past few decades, droughts have become more frequent and intense in arid
and semi-arid countries (Shayeghi et al. 2024), such as Iran in the northern hemisphere
(Kazemzadeh et al. 2022). Among the different types of droughts, including hydrological,
agricultural, socio-economic, and meteorological (Yerdelen et al. 2021; He et al. 2023;
Behfar et al. 2024), the meteorological drought may occur earlier than the other types
(Kazemzadeh and Malekian 2016), which is caused by precipitation deficiency over a spa-
tial and temporal scales (Fiorillo and Guadagno 2010; Nabaei et al. 2019; Banfi et al. 2024).
The Standardized Precipitation Index (SPI), developed by McKee et al. 1993 to define and
monitor droughts, special for determining meteorological drought (Svoboda et al. 2012).
The SPI is a useful tool for drought contingency planning due to its simplicity and abil-
ity to identify the beginning and end of drought events. SPI is commonly used to assess
meteorological drought over various timescales and enables comparison across regions with
different climates (Naresh Kumar et al. 2009; Sobral et al. 2019; Lorenzo et al. 2024; Guria
et al. 2025). It reflects soil moisture deficit at short timescales and relates to groundwater or
reservoir levels at longer ones. SPI in 3- or 6-month moving average can be considered as a
meteorological drought indicator and at 12 months or more time windows for hydrological
drought analysis and applications (Lorenzo et al. 2024; Zelenakova et al. 2025). This index
indicates as a useful tool in drought monitoring in Iran (Kazemzadeh and Malekian 2016;
Shirvani and Landman 2022; Mirdarsoltany et al. 2025), a country with variety of climate
conditions.

Monitoring of drought characteristics (e.g., frequency, intensity, etc.) due to their vari-
abilities under climate change is becoming increasingly important. Addressing these chal-
lenges requires both historical data to understand drought patterns in the past, and future
climate projections to evaluate potential risks. Global Climate Models (GCMs) are the most
advanced tools to generate future spatiotemporal climate variable projections through large-
scale resolution (Vasiliades et al. 2009; Yeganeh-Bakhtiary et al. 2022). Although general
GCMs are widely used to evaluate the impacts of climate change (Tabari et al. 2021), they
operate at coarse temporal and spatial resolutions, typically ranging from 100 to 300 km,
and often exhibit consistent biases when compared to observational data (Takayabu et al.
2016; Ahmed et al. 2019). Downscaling and bias correction play a vital role on addressing
the spatial scale mismatch between the coarse resolution outputs of GCMs and fine resolu-
tion of hydro climatic variables in local scale, which are required for hydrology studies
(Wilby and Wigley 1997; Hertig and Jacobeit 2008; Sachindra et al. 2018). Indeed, down-
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scaling is an avenue to derive high-resolution data from coarse-resolution GCMs. Down-
scaling techniques are classified into dynamical and statistical methods (Baghanam et al.
2020). Statistical downscaling (SD) was used here due to its straightforward nature and
reduced computational expense in comparison with dynamic downscaling (DD) (Zhang
et al. 2022). SD methods can be broadly categorized into three types: regression-based
techniques, weather classification-based approaches, and weather generators (Wilby et al.
2004). Regression-based statistical downscaling techniques have gained popularity out of
the above three categories owing to their simplicity in application. The regression techniques
are widely used in statistical downscaling (Sachindra et al. 2018), including Multi Regres-
sion (MLR) (Chen et al. 2010; Nishant et al. 2023), Artificial Neural Networks (ANNs)
(Ahmed et al. 2015; Laddimath and Patil 2019; Nourani et al. 2019; George and Athira
2024), Support Vector Machine (SVM) (Anandhi et al. 2008; Yazdian et al. 2023; Kalu et
al. 2024), Genetic Programming (GP) (Coulibaly 2004; Sachindra et al. 2018; Kumar et
al. 2021), Relevance Vector Machine (RVM) (Okkan and Inan 2015), Random Forest (RF)
(Kalu et al. 2024), and Gene Expression Programming (GEP) (Sachindra et al. 2016; Pour et
al. 2023). Owing to the learning abilities from data, techniques such as ANN, SVM, RVM,
RF, and GP are often called machine learning techniques.

Several previous studies have focused on the performance of different downscaling
approaches developed by machine learning techniques. Coulibaly (2004) showed that GP-
based downscaling models performed better in simulating both daily minimum and maxi-
mum temperature in comparison to MLR-based downscaling models. Ghosh and Mujumdar
(2008) proposed a statistical downscaling method using Relevance Vector Machine (RVM)
with sparse Bayesian learning to model monsoon streamflow, the results showed that the
RVM model outperformed SVM and projected a decreasing future streamflow trend. Duhan
and Pandey (2015) utilized three downscaling techniques, namely, multiple linear regres-
sion, artificial neural network, and least square support vector machine (LS-SVM), for the
projections of monthly maximum and minimum air temperature in the Tons River basin,
which is a sub-basin of the Ganges River in Central India. Their results show that all the
models are able to simulate temperature; however, LS-SVM models perform slightly bet-
ter than ANN and MLR. Sachindra et al. (2018) evaluated four ML techniques, including
GP, ANN, SVM, and RVM, for downscaling reanalysis data to monthly precipitation in
Victoria, Australia. Their findings indicated that SVM and RVM-based algorithms, so that
Polynomial kernels, led to the best performance for both SVM and RVM across all cli-
mate regimes. Nishant et al. (2023) compared ML downscaling using multi-layer perceptron
(MLP) with dynamical downscaling for refining precipitation data in Australia. The MLP
approach, integrating coarse-scale meteorological inputs with fine-scale surface data, out-
performs DD in capturing precipitation climatology and extremes, especially at higher reso-
Iutions. Results highlight that ML can offer superior accuracy and lower computational cost
than DD, even when using coarser input data. Kalu et al. (2024) used four different machine
learning algorithms, including SVM, partial least squares, Gaussian process regression,
and random forest, to downscale the original Gravity Recovery and Climate Experiment
(GRACE) data. Their result demonstrated that the Gaussian process regression algorithm
gave the best result. However, despite their effectiveness, these models often suffer from
limitations such as overfitting, limited generalizability, or reduced interpretability, which
encouraged the development of a more robust and integrated approach outlined in this study.
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Since the identification of the most suitable GCM depends on the applied downscal-
ing technique, and different techniques can yield varying results, selecting an appropriate
downscaling method is critical. This decision directly affects the estimation of key drought
characteristics, such as duration, frequency, and intensity, and consequently, the reliability
of drought projection and risk assessment, influencing early warning systems, adaptation
planning, and efforts to mitigate future drought-related impacts and stress. To enhance the
performance of traditional machine learning methods in downscaling, the present study
introduces a novel downscaling framework based on Stacked Generalization (Wolpert 1992).
While previous studies have commonly employed ensemble methods, combining multiple
machine learning methods to enhance downscaling accuracy, this approach is fundamen-
tally different. Rather than merging ML models or averaging their outputs, the SG method
leverages the individual predictions generated by various base models as inputs to a second-
ary learning stage. These predictions are compiled into a new dataset, which serves as the
input for the SG method. This two-stage framework allows the SG method to learn complex
relationships and dependencies among the outputs of the base models, thereby achieving
superior downscaling results in our study without explicitly combining the models them-
selves. This structure represents a novel alternative to traditional ensemble techniques in the
downscaling domain. Subsequently, drought characteristics were derived using the outputs
of the best-performing GCM model identified through this enhanced downscaling method.
Thus, this research’s primary objectives and novel aspects are as follows.

1) Employing a novel model called the Stacked Generalization algorithm with the based
models SVM, MLP, and RF to downscale multiple GCMs precipitation in the Latyan
basin (Iran).

2) Comparing the outputs of based machine learning methods (SVM, MLP, and RF) with
the new method (SG) to demonstrate Stacked Generalization capability in precipitation
downscaling.

3) Better determination of drought characteristics in the future through more accurate
results obtained from downscaling.

The rest of the paper is organized as follows: after describing the study area (Sect. 2), we
introduce the proposed framework (Sect. 3), present the results (Sect. 4), and finally discuss
the conclusions and future directions (Sect. 5).

2 Study area and data

Iran, is a vast country in the Middle East spanning 1.684 million square kilometers. It has
faced significant climatic challenges, particularly those leading to severe water shortages
(Saemian et al. 2022). Indicators of reduced surface water include drying rivers, lakes, and
wetlands, along with deforestation, soil erosion, and frequent sand and dust storms under
climate change. The rising demand for water to support a growing population, coupled with
frequent climate change-driven meteorological droughts, is intensifying the depletion of
water resources across the country. In this study, the impacts of climate change on drought
characteristics within Latyan basin are evaluated (Fig. 1).
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Fig. 1 Map of Study area: The Latyan basin (Iran) with the location of raingauge stations

The Latyan Basin, covering an area of 728 square kilometers, is situated adjacent to
the Karaj Basin. It lies between latitudes 35° 45’ N and 36° 6’ N and longitudes 51° 22’ E
and 51° 55" E. The basin experiences an average annual rainfall of 320 mm and an average
temperature of 11.4 °C. The elevation within the basin ranges from a minimum of 1,472 m
above sea level to a maximum of 4,297 m. The Latyan Reservoir, located at the basin’s out-
let, plays a critical role in meeting the municipal water supplies of Tehran, the capital city of
Iran, which has a population of approximately 11 million. Given the reservoir’s importance
for water supply, studying drought characteristics in this region is of particular significance.

In this study, both observational and climate model datasets were utilized for drought
monitoring in the historical and future in the Latyan Basin. The observed dataset consists of
monthly precipitation records covering the period from 1970 to 2023. These observed pre-
cipitation values serve as the target variable for the modeling process and provide a reliable
foundation for capturing historical variability and drought conditions in the study area. The
monthly precipitation data were acquired from the Water Resources Management Company
(https://www.wrm.ir) for selected stations within the basin. Information of selected stations
is given in Table 1.

Coupled Model Intercomparison Project Phase 6 (CMIP6) provides state-of-the-art
climate models, offering improved simulations of historical and future climate conditions
compared to previous phases. In this study, four GCMs (1970-2023 for the historical period
and 2030-2100 for the future period) from CMIP6 are utilized. Table 2 summarizes the
characteristics of the selected models. To evaluate the accuracy of the CMIP6 models, the
historical period 1970 to 2023 was used as a baseline period. The selection of these specific
models was guided by a main criterion. Preference was given to models that have shown
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Table 1 Rain gauge stations
information for Latyan basin

Station Station name
number

Latitude
N)

Lon-
gitude
(E)

El-
eva-
tion

(m)

Average
monthly
precipita-
tion (mm)

Rodak
Kandsofla
Garmabdar
Ahar

Fasham
Afjeh
Latyan

0 N LW N =

35950°
350517
35°59°
35°56°

Lavasanbozorg 35°49°

35°55°
35517
35° 46’

51°337
51°36"
51°37
51°27"
51°47
51°31°
51°41°
51°417

1705
1945
2435
2087
2195
1966
2048
1580

49.04
42.89
56.23
54.92
45.01
60.31
55.23
34.47

Table 2 List of GCMs used for Name

Country

Resolution

Developer

downscaling ACCESS-CM2

CanESMS5

HadGEM3-GC31-LL

MIROC6

Australia

Canada

United
Kingdom

Japan

1.25°%1.87°

2.8°x2.8°

1.88°x1.25°

1.40° x 1.40°

Common-
wealth Sci-
entific and
Industrial
Research
Organization
(CSIRO)
Canadian
Centre for
Climate
Modeling
andAnalysis

Meteoro-
logical Of-
fice Hadley
Centre

National
Institute for
Environ-
mental
Studies, The
University
of Tokyo

reliable performance in simulating temperature and precipitation in regions with similar
geographic or climatic characteristics, as demonstrated in past performance assessments

(Guo et al. 2021; Zareian et al. 2024).

3 Methodology

To monitor drought characteristics in the historical (from 1970 to 2023) and future (from
2030 to 2100) under climate change in the case study, first are collected the historical data
and projected data from GCMs. Next, machine learning methods (ANN, SVR, and RF) are
developed by preprocessing the dataset, splitting it into training, validation, and testing sets,
and training the models accordingly. Then, Stacked Generalization (Stacking) approach was

@ Springer



Natural Hazards (2026) 122:418 Page 7 0f29 418

implemented using a set of base learners including MLP, SVR, and RF to enhance the accu-
racy of precipitation downscaling in historical period. The performance of these models is
compared using evaluation metrics (e.g. NSE, MSE, and KGE) to select the most effec-
tive downscaling approach and GCM combination. Using the selected model, precipitation
is predicted for future periods (2030-2100) under different climate scenarios (SSP1-2.6
and SSP5-8.5). Finally, the SPI at 3-, 6-, and 12-month timescales was computed to assess
drought characteristics during both historical and future periods. The flowchart of the pro-
posed method is presented in Fig. 2.

3.1 Preprocessing data

The observed dataset consists of monthly precipitation records from 1970 to 2023. Long-
term observations are essential for drought analysis as they capture climate variability while
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Fig. 2 The flowchart of the suggested approach
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minimizing the need for data reconstruction. Prior to analysis, the dataset was screened for
missing values and inconsistencies. In the time series, missing precipitation values were
reconstructed using an Artificial Neural Network (ANN). A three-layer ANN with one hid-
den layer was implemented following Dariane and Borhan 2025, preserving the statistical
characteristics of the observed precipitation series.

3.2 Downscaling

Downscaling methods are well-known approaches to address the mismatch of spatial resolu-
tion between the coarse outputs of GCMs and the finer-scale hydro climatic variables at the
catchment level. In this study, multiple statistical downscaling approaches were employed,
including MLP, SVR, RF. In addition, stacked generalizations were introduced to improve
the accuracy of downscaling.

Initially, the input variables considered for the models included GCM-derived included
surface air temperature, near-surface air temperature, geopotential height at multiple pres-
sure levels (1000, 925, 850, 700, 600, 500, 400, and 300 hPa), relative and specific humidity
at the surface and pressure levels, near surface wind speed, sea level pressure, surface air
pressure. As a first screening step, the Pearson correlation coefficient between each candi-
date predictor and the observed precipitation series was calculated. Predictors exhibiting
statistically significant correlations at the 95% confidence level were retained, resulting in a
reduced subset of five potential predictors, including precipitation (pr), surface air pressure
(ps), surface temperature (ts), sea level pressure (psl), and relative humidity (hur). While
Pearson correlation was used as an initial screening tool to reduce dimensionality, it does
not preclude the presence of nonlinear relationships, which are subsequently captured by the
machine learning models.

However, based on a trial-and-error process and sensitivity analysis, only three predic-
tors, including precipitation (pr), surface air pressure (ps), and surface temperature (ts),
were selected as the most relevant inputs, as they yielded better performance and reduced
redundancy in the models. The target variable for downscaling is monthly precipitation
observed at local gauge stations. These observations were used to train and validate the
models to ensure accurate projection of localized precipitation patterns from coarse GCM
outputs. A brief description of each method is given in the following sections.

3.2.1 Multilayer perceptron (MLP)

Artificial Neural Networks (ANNs) are modeled after the human brain’s biological ner-
vous system (Agatonovic-Kustrin and Beresford 2000). ANNs have the ability to learn and
generalize the relationships between input and output data, which allows them to tackle
complex problems, whether linear or nonlinear (such as precipitation downscaling). This
capability gives ANNs an edge over traditional statistical regression methods like Multi
Linear Regression (MLR) and Generalized Linear Models (GLM).

In hydrology and climatology studies, the MLP is one of the most commonly used ANN
architectures (Ahmed et al. 2015). An MLP is typically a feed-forward neural network con-
sisting of an input layer, one or more hidden layers, and an output layer (Fig. 3). Mathemati-
cally, an MLP neural network can be expressed by the equation in Eq. (1) (Kim and Valdés
2003), where, yi and x; represent the outputs and inputs to the network, respectively.
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where, the subscripts i, j, and k correspond to the hidden, input, and output layers, respec-
tively. The variables n and m denote the number of neurons in the input and hidden layers.
The weights w;; represent the connections between neurons in the input and hidden layers,
while wy; are the weights connecting neurons in the hidden and output layers. The func-
tions f1 and f are the activation functions for the hidden and output layers, respectively.
Additionally, b; and by, are the biases associated with the neurons in the hidden and output
layers, respectively (Mekanik et al. 2013).

In this study, the sigmoid activation function was used in the single hidden layer to han-
dle the nonlinearities in hydrologic systems. The number of neurons in the hidden layer is
determined by the trial-and-error method. Also, the Levenberg—Marquardt (LM) algorithm,
the most common calibration algorithm, was implemented to train the ANN.

3.2.2 Support vector regression (SVR)

Support Vector Machines (SVMs) (Vapnik 1998) are powerful tools for classification and
regression tasks, offering a solid theoretical foundation, particularly through structural risk
minimization (SRM), which balances model complexity and training error to improve gen-
eralization. SVMs aim to find an optimal hyperplane that maximizes the margin between
distinct classes, using kernel functions like linear, polynomial, radial basis function (RBF),
and sigmoid to handle non-linear reparability by mapping data into higher-dimensional
spaces (Dariane and Borhan 2024). In SVR, the goal is to predict continuous outcomes by
minimizing errors within a margin of tolerance, rather than aiming for absolute precision.
The model parameters are determined by minimizing an empirical risk, with a loss func-
tion that allows small deviations from the true values without penalty. Slack variables pro-
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vide flexibility in handling small violations of the margin, and a cost function controls the
trade-off between margin maximization and error minimization. The regression function is
expressed using Lagrange multipliers and kernel functions, enabling efficient computation
even for high-dimensional data (Sachindra et al. 2018). More details in Fig. 4.

In this study, radial basis function (RBF) type kernel machine works better than other
types of kernels and regularization parameter (C) and Epsilon are determined 1 and 0.1,
respectively by the trial-and-error method.

3.2.3 Random forest (RF)

RF is a popular machine learning technique that can be applied to the task of downscaling,
particularly in the context of climate modeling, meteorology, or geospatial data analysis.
Random Forest is an ensemble learning algorithm that constructs multiple decision trees
during training and outputs the mode of the classes (classification) or mean prediction
(regression) of the individual trees. RF leverages the concept of bagging (Bootstrap Aggre-
gating), where different subsets of the data are used to train multiple trees, and the final pre-
diction is made by averaging (or voting) across all the trees. It works by selecting random
subsets of features at each decision node, which helps to reduce overfitting and increase the
model’s generalization capabilities. Random Forest can capture complex, non-linear rela-
tionships between the input (coarse-scale) and output (fine-scale) variables, which is often
essential in environmental modeling (Hutengs and Vohland 2016).

3.2.4 Stacked generalization

Stacked Generalization, originally introduced by Wolpert (1992), is implemented as a two-
level ensemble learning framework to improve precipitation downscaling by optimally com-

bining multiple base learners while reducing model bias and variance. If D = {(Xt,yt)}thl
denote the complete historical dataset, where X; = {z¢1.2¢2..... xt.p} denote the vector

. ot [ oupu
( o ] [vectors function ut
&)

Output
variable

bias

)
®
®
Fig.4 SVR algorithm
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of large-scale predictor variables derived from GCM outputs at time ¢, and let y; represent
the observed monthly precipitation at the corresponding station.

Base learners

Three machine learning models including MLP, SVR, and RF are employed as base
learners. Each base learner m € {1.2.3} approximates a nonlinear mapping between predic-
tors and observations:

0™ = fo (X)) @)

where f,, represents the functional form learned by the m — th base model. These models
were selected due to their proven effectiveness in statistical downscaling and hydroclimatic
applications (Sachindra et al. 2018; Ahmed et al. 2019; Kalu et al. 2024).

Leakage-safe generation of meta-features

To prevent information leakage (Cawley and Talbot 2010), meta-features are generated
exclusively using out-of-fold (OOF) predictions. The training dataset Dy,.qiy, is partitioned
into K temporally ordered folds using an expanding-window cross-validation strategy,
which is appropriate for time-dependent hydroclimatic data. For each fold k, base learn-
ers are trained on observations up to time ¢;_; and generate predictions for the subsequent
validation block:

B = fok(X,) ot € fold k 3)

where f,.* denotes the base learner trained without access to fold k.
The OOF predictions are concatenated to construct the meta-feature vector:

o

t

Zy=| 3¥ | t € Dirain )
~(3)
Yi

At no stage are in-sample predictions used in the stacking layer, ensuring a leakage-safe
implementation (Tyralis et al. 2019).

Meta-learner specification

Alinear regression model is used as the meta-learner to combine base-model predictions:

3
7 =Bo+ Y Bmit" (5)
m=1

where 3¢ is the intercept and f3,,, are regression coefficients estimated using ordinary least
squares. Linear regression was selected to ensure numerical stability and interpretability
when combining correlated base-model outputs, and to minimize overfitting risk (Breiman
1996). Regularization was not applied, as sensitivity analyses did not yield performance
improvements.

The meta-learner is trained only on OOF predictions derived from Dy,.qiy. The testing
dataset D;.s; is used exclusively for model evaluation and is not involved at any stage of
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base-model training or meta-learner fitting, ensuring a temporally independent assessment
of predictive performance consistent with real-world forecasting conditions.

3.3 Model evaluation

To compare different downscaling methods and GCMs, statistical metrics including the
Nash—Sutcliffe Efficiency (NSE), Mean Squared Error (MSE), and Kling-Gupta Efficiency
(KGE) were used. The formulas for the three metrics are shown below:

i1 (0i = P)’
NSE:l—% (6)

1(01' - O)

1=

where, O; is observed value, P; is predicted value, O is mean of the observed values, and n
is number of observations.

If NSE=1 indicates perfect performance with predictions matching observed values. If
NSE>0 suggests acceptable performance, meaning the model’s predictions are better than
simply using the mean of the observed data. However, an NSE<O0 reflects poor perfor-
mance, indicating that the model’s predictions are no better, or even worse, than using the
observed mean as a baseline (Nash and Sutcliffe 1970).

n

MSE =130, - P)? )

i=1

where, O; and P, represent the observed and predicted values, respectively, and n is the total
number of observations.

A lower Mean Squared Error (MSE) value indicates better model performance, as it
reflects smaller average differences between observed and predicted values. Due to the
squaring term in its calculation, MSE heavily penalizes larger errors, making it particularly
sensitive to outliers in the data.

KGE:lf\/(r71)2+(ﬁ71)2+(771)2 ®)
where, r is Linear correlation coefficient between observed and predicted values.
P : .
8= 5B1as ratio (mean of predicted to mean of observed values) ©)

v = wr Variability ratio (standard deviation of predicted to observed values) (10)
ge

A Kling-Gupta Efficiency (KGE) value of 1 represents perfect agreement between
observed and predicted data, with values closer to 1 indicating better model performance.
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This metric is especially valuable for identifying specific sources of model error, such as
bias, variability, or correlation issues, providing a more comprehensive evaluation of model
accuracy (Patil and Stieglitz 2015).

3.4 Standardized precipitation index (SPI)

This method, developed by McKee et al. (1993), is designed to assess drought severity
across different timescales. The SPI, which is a powerful, flexible and simple index (Habibi
et al. 2024), and provides a standardized evaluation of precipitation anomalies over varying
periods. The concept of this index is based on cumulative probability of the precipitation
data as:

1 z __=z
G (1) = —apr—— / pore e Foro dy 11
) gﬁom(apm) 0 (1)
where,

1 44
ro = — (1 1+ — 12

? In(z
A=ln(zy) 2iz1In(@i) (13)

n
'rST

e = e (14

And G () is the cumulative Gamma distribution function, oy, is the shape parameter, 5,,,
is the scale parameter, x, is the average precipitation, n is the precipitation measurement
number, and x; is the precipitation in the sequence of data.

If x=0, then H (x) = ¢+ (1 — ¢) G(x) is used instead of previous cumulative prob-
ability G ().

Where, q is the probability of no precipitation.

The standard normal distribution, characterized by a mean of zero and a variance of one,
was derived through the transformation of the cumulative probability. Subsequently, the
values of the SPI were calculated using Eq. (15).

t_% 0<H(1‘)§05
SPI = tattalt (15)

And

1
.= V In 20 < H(z) < 0.5 16)
/ 1

@ Springer



418 Page 14 of 29 Natural Hazards (2026) 122:418

The cumulative probability of the observed precipitation is represented by H (z). The
constants ¢y, ¢, C2, d1, d2 and d3 hold specific values: 2.515517, 0.802853, 0.010328,
1.432788, 0.189269, and 0.001308, respectively.

In this research, SPI values for 3-, 6-, and 12-month timescales were calculated using
a parametric approach. The aim is to examine the variations in drought indicator trends
across these different time scales. SPI-3 is useful for analyzing seasonal droughts, often
affecting agriculture and water availability over a few months, while SPI-6 reflects medium-
term drought patterns that can influence crop cycles and reservoir levels. SPI-12, on the
other hand, represents long-term drought trends, impacting water resources, hydrological
systems, and broader climatic conditions. By using SPI across these timescales, the study
ensures a comprehensive assessment of drought characteristics, making the comparison
between parametric and non-parametric methods robust across varying drought durations
and severities. Detailed information about the calculation of this index is given in (Mirdar-
soltany et al. 2025).

3.5 Run theory

Within the framework of run theory, drought characteristics are assessed using key indi-
cators such as severity, duration, and intensity. Drought severity represents the cumula-
tive total of SPI values that fall below a designated threshold. Duration is defined as the
continuous time span during which the SPI remains under this threshold, and intensity is
computed by dividing the severity by the duration (Mesbahzadeh et al. 2020; Mirdarsoltany
et al. 2025). For this analysis, drought events are identified when SPI values drop below
-1, which is a commonly accepted threshold (Azam et al. 2018). The duration of a drought
corresponds to the number of consecutive time steps with SPI values under -1, as illustrated
in Fig. 5 (if SPI<-1 is considered drought event). Severity is calculated by summing the
SPI values within this period, and intensity is obtained by dividing that sum by the length

SPI

Threshold = -1

| 1 > Severity 2

— Duration 2

Duration 1 v
Severity 1

Fig.5 Schematic illustration of the run theory
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of the drought. This approach provides a systematic way to quantify both the strength and
persistence of drought episodes.

4 Results and discussion

As mentioned before, initially, the input variables considered for the models included GCM-
derived included surface air temperature, near-surface air temperature, geopotential height
at multiple pressure levels (1000, 925, 850, 700, 600, 500, 400, and 300 hPa), relative and
specific humidity at the surface and pressure levels, near surface wind speed, sea level pres-
sure, surface air pressure. After calculating the Pearson correlation coefficient between each
candidate predictor and the observed precipitation series, five predictors from five GCMs
were selected for training ML models to perform downscaling. After a series of trial-and-
error approach, it was determined that only precipitation, surface temperature, and surface
air pressure positively influenced the training process, while relative humidity and sea level
pressure had minimal or negative impacts (Table 3). Using these three key variables along
with seasonality index, four different ML methods, MLP, SVR, RF and Stacked Generaliza-
tion, were employed for downscaling monthly precipitation data.

Each model leveraged specific tuning features to enhance its performance. The best tun-
ing features for each model were identified through a trial-and-error approach. Each model
was run 1000 times, and the optimal features were selected based on the average perfor-
mance metrics, including NSE, MSE, and KGE. It should be noted that hyper parameter
tuning was used along with the above trial-and-error approach for MLP method. Since in
trial-and-error approach you do not exhaustively test many combinations, there is less risk
of overfitting the model to the validation data, and therefore the trial-and-error approach was
selected for this study.

Additionally, the dataset was divided into three subsets for all ML methods: training,
validation, and testing. In total, 80% of the data (1970-2014) was allocated to training and
validation, which were randomly split into 70% for training and 10% for validation. The
remaining 20% (2015-2023) was reserved for testing. This division was carefully examined
to prevent overfitting.

The results presented in Table 4 show the performance comparison of the MLP, SVR, RF,
and Stacked Generalization methods across multiple stations and different climate models
(ACCESS-CM2, CanESMS5, HadGEM3-GC31-LL, and MIROCG6). Table 4 indicates that
the Stacked method consistently outperforms the individual base methods (MLP, SVR, and
RF), showing the highest NSE across all stations and climate models. This is further sup-
ported by the MSE results in Table 4, where the Stacked method exhibits the lowest Mean
Squared Error (MSE) compared to the other ones. Table 4 shows that the Stacked method
also performs the best in terms of KGE, highlighting its superior ability to capture both the
correlation and variability of the data. Overall, this table confirms that the Stacked General-

Table 3 Predictors used for train-  predictor Unit Status

ing ML methods Precipitation (pr) kgm 257! Selected
Surface air pressure (ps) Pa Selected
Surface temperature (ts) K Selected
Sea level pressure (psl) Pa Not Selected
Relative humidity % Not Selected
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Table 4 Results of statistical metrics for different GCMs and downscaling methods

Down- Model Eval- Station number
scal- uation | 2 3 4 5 6 7 8
ng metric
method
MLP ACCESS- NSE 0.45 0.46 0.40 0.49 0.48 0.43 0.48  0.49
CM2 MSE  2025.96 1458.51 2563.94 1804.88 1657.56 2531.72 2050.54 965.58
KGE 0.49 0.54 047 0.53 0.52 0.49 0.53 0.57
CanESM5 NSE 0.59 0.55 0.55 0.56 0.59 0.57 058  0.59
MSE 14054 1282.38 2095.52 1620.91 1405.4 2042.62 1753.69 832.55
KGE 0.63 064  0.60 0.63 0.63 0.62 0.63 0.65
Had- NSE 0.52 0.52 0.46 0.54 0.52 0.49 0.55 0.51
GEM3-  MSE 1839.84 1342.42 2387.02 1687.24 1575.52 2322.27 1846.08 938.42
GOLLL G 055 059 052 059 058 056 060 057
MIROC6 NSE 0.55 0.54 047 0.54 0.53 0.50 052 0.6
MSE 176624 1297.28 2349.68 1665.82 1552.87 2280.87 1931.86 877.29
KGE 0.61 0.65 0.60 0.66 0.63 0.60 0.64  0.66
SVR  ACCESS- NSE 0.30 0.36 037 0.39 0.35 0.33 038 039
CM2 MSE 2451.18 1658.45 2668.55 2062.18 1971.7 2865.1 2317.41 1100.8
KGE 0.32 0.38 032 0.39 0.35 0.32 037  0.50
CanESM5 NSE 0.30 0.42 038 0.4 0.39 0.34 037 039
MSE  2446.98 1552.03 2621.11 2013.71 1867.02 2817.04 2343.82 1100.15
KGE 0.32 0.51 034 0.5 0.39 0.33 036  0.39
Had- NSE 0.34 0.39 0.35 0.40 0.4 0.33 040  0.42
GEM3-  MSE 2326.8 1597.69 2726.57 2020.78 1849.77 2845.83 2274.73 1069.4
GCI-LL yqgE 035 041 030 040 039 033 038 042
MIROC6 NSE 0.44 0.45 0.41 0.44 0.44 0.37 0.45 0.48
MSE 1752.56 1490.61 2531.63 1914.05 1752.56 2713.8 2123.42 9852
KGE 0.42 0.43 036 0.42 0.42 0.36 042 045
RF ACCESS- NSE 0.43 0.36 033 0.55 0.46 0.44 0.43 0.39
CM2 MSE 2100.38 1672.73 2779.36 1653.85 1700.28 2484.01 2192.72 1111.93
KGE 0.57 0.56 0.55 0.57 0.59 0.60 059  0.60
CanESM5 NSE 0.55 0.55 0.49 0.59 0.54 0.57 0.45 0.48
MSE 1753.61 1267.8 2280.66 1532.62 152221 2068.39 2113.29 984.06
KGE 0.62 0.70  0.68 0.75 0.63 0.67 0.61 0.63
Had- NSE 0.45 0.38 0.48 0.5 0.51 0.46 047  0.50
GEM3-  MSE 2039.11 1623.48 2302.19 1782.84 1592.61 2418.06 20582  959.37
GGI-LL ygE 058 057 053 0.64 059 058 060 063
MIROC6 NSE 0.55 0.43 0.48 0.52 0.55 0.55 057 055
MSE  1504.84 1522.87 23148 1716.82 1504.84 2107.93 1780.41 883.89
KGE 0.64 0.62 0.67 0.68 0.64 0.67 0.67  0.65
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Table 4 (continued)

Down- Model Eval- Station number
scal- uation | 2 3 4 5 6 7 )
ing metric
method
SG  ACCESS- NSE 052 049 044 0.53 054 050 051 047
cm2 MSE  1852.96 1413.97 2450.94 1703.53 1534.34 2282.43 1948.47 990.88
KGE 058 054 048 0.60 061 056 058  0.53
CanESM5 NSE 052 053 047 0.53 052 052 053 0.5
MSE 183696 1321.1 2352.81 1693.07 1562.28 2220.37 1905.02 891.04
KGE 059 060 052 0.60 059 059 060 062
Had- NSE 056 053 044 0.53 054 053 054 051
GEM3-  \MSE 174473 1327.39 2448.97 1686.11 1513.68 2190.02 1866.4  945.46
GOI-LL R 063 060 048 0.60 062 060 061 057
MIROC6 NSE 061 058 058 0.62 061 060 062 060
MSE 13525 1229.51 1994.03 1462  1352.5 1966.56 164931 81537
KGE 070 066  0.66 0.70 070 068 070  0.68
. Scatter plot for predictions of GCMs for SVR downscaling . Scatter plot for predictions of GCMs for MLP downscaling
5 v 5 B ..'.é'.:.!.;

[ 3 E3 3 100 25 130 s %0 [3 % E] [3 160 25 130 s %0
Predictions Predictions
Scatter plot for predictions of GCMs for RF downscaling Scatter plot for predictions of GCMs for Stack Generalization downscaling
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Fig. 6 Scatter plot for predicted values based on different GCMs and MLs and observation data for Afjeh
station and according to test data

ization method is the most effective one, providing more accurate and reliable precipitation
predictions than the individual MLP, SVR, and RF methods across different stations and
climate models.

Figure 6 presents the scatter plot for the Afjeh station, comparing the actual and predicted
precipitation values across four different models and four different downscaling methods.
It can be seen that predicted values derived by stacked generalization model show the best
alignment with 45-degree line, indicating that this model provides the most accurate predic-
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tions for Afjeh station. In addition, predictions from all downscaling methods indicate that,
except for the MLP model, where CanESMS5 performed best, MIROC6 demonstrated the
highest performance among the other GCMs when using the SVR, RF, and SG downscaling
methods.

Figure 7 presents Taylor diagrams comparing the performance of Stacked generalization
model for the sake of downscaling. The results show that Stack Generalization (SG) outper-
formed other models, exhibiting a higher correlation, and the standardized deviation of the
simulated GCMs was closer to that of the observed data.

The superior performance of the Stacked Generalization (SG) approach compared to the
individual base learners (MLP, SVR, and RF) can be attributed to its ability to effectively
exploit the complementary strengths of heterogeneous models. While individual machine
learning algorithms tend to capture specific aspects of the nonlinear relationship between
large-scale climate predictors and local precipitation, each model is also subject to distinct
structural biases and limitations. The SG framework mitigates these weaknesses by combin-
ing the predictions of multiple base learners through a secondary learning stage, allowing
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Fig.7 Taylor diagrams for estimated precipitation by different MLs for testing data
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Fig. 8 Comparison of downscaling methods at Afjeh Station under scenarios 2.6 and 8.5

Table 5 Percentage of difference in average precipitation in comparison with historical average precipitation
for Afjeh station

Model MIROC6 Scenario 2.6 Scenario 8.5
Near Mid Far Near Mid Far
- 16% - 18% -20% -20% -23% -32%

the meta-learner to assign optimal weights to each model based on their predictive skill.
In addition, the use of out-of-fold predictions in the stacking process reduces the risk of
overfitting and improves generalization performance. This explains the consistently higher
NSE and KGE values and lower MSE achieved by the SG model across different stations
and GCMs. Similar improvements using stacking-based ensemble approaches have been
reported in previous hydrological and climate downscaling studies, confirming the robust-
ness of this framework for precipitation modeling.

Additionally, the results demonstrate that MIROC6 was the best GCM across most
downscaling methods. However, again an exception was found with the MLP model, where
CanESMS5 performed better, indicating that different GCMs may lead to varying results
depending on the ML technique used. This underscores the importance of selecting the
appropriate model for each specific case.

Figure 8 compares the performance of different machine learning-based downscaling
methods for monthly precipitation data at the Afjeh station under two climate scenarios,
scenario 2.6 and scenario 8.5 based on MIROC6 model. Across both scenarios, the MLP and
RF methods show the highest variability, suggesting it captures a wider range of precipita-
tion extremes. The SVR method consistently has the smallest interquartile range (IQR) and
lower variability, indicating a more conservative or stable estimate of precipitation.

Overall, the results suggest that the choice of machine learning method significantly
influences the range and variability of downscaled precipitation, with scenario 2.6 showing
generally higher medians compared to scenario 8.5. As this study used SPI which uses a
moving average to measure drought characteristics, variability of predicted values, leave
prominent impacts on the results, and therefore selection of the best GCM and downscaling
method can help policy-makers to take proper measures to mitigate drought consequences.

For a more thorough analysis of each method, the future period was divided into three
distinct categories: near future (2030-2055), mid future (2055-2080), and far future (2080—
2100) (Table 5). With respect to the derived precipitation values according to scenario
2.5 and 8.5 and considering MIROCS6 results, the average precipitation at Afjeh station is
projected to decrease in the near, mid, and far future, respectively. Similar reductions are
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observed in other stations as well, though only the results for Afjeh station are presented
here for clarity. According to the Table 5, for scenario 8.5, the amount of average precipita-
tion will decrease in far future by 32%.

Non-exceedance probabilities for three precipitation thresholds (20 mm, 50 mm, and
70 mm) were analyzed using historical data and projected future scenarios (2.6 and 8.5).
These thresholds correspond to the 25th, 50th, and 75th quantiles, respectively, and were
derived from the average results of all climate models and downscaling methods. For the
near future, the non-exceedance probability for 20 mm precipitation decreased compared
to historical data, with about 30% of the data falling below this threshold for scenario 2.6.
These decreases are obvious for the non-exceedance probabilities for 50 mm precipita-
tion as well. However, for 70 mm precipitation, the non-exceedance probability, increased
from 65% historically to 70% and 75% for scenarios 2.6 and 8.5, respectively. In the mid
future, the non-exceedance probability for 20 mm precipitation continued to decline, and for
50 mm precipitation, it dropped to 52%. Conversely, scenario 8.5 saw an increase in non-
exceedance probability for 50 mm precipitation to around 60%. For 70 mm precipitation,
both future scenarios exhibited an increase in non-exceedance probabilities, reaching 80%
and 85%, respectively. In the far future, non-exceedance probabilities for 20 mm precipita-
tion remained relatively unchanged. However, for 50 mm precipitation, scenario 2.6 showed
a decrease in non-exceedance probability compared to historical data. In contrast, for sce-
nario 8.5, the probability for 50 mm precipitation increased from 50% to approximately
70%, and for 70 mm precipitation, the probabilities rose to 70% and 90% in scenarios 2.6
and 8.5, respectively. This figure illustrates that, under both climate scenarios (2.6 and 8.5),
the frequency of precipitation events below 70 mm (representing the 75th percentile) is
projected to increase in the near, mid, and far future. This trend can leave impacts on dura-
tion, severity and intensity of drought events which will be discussed in this study (Fig. 9).

The SPI was calculated using a parametric approach across three temporal scales: 3, 6,
and 12 months. This analysis incorporated both observed datasets and outputs from GCMs
for the historical period, along with projections under two Shared Socio-economic Path-
ways (SSP): 2.6 and 8.5. These scenarios, drawn from the IPCC Sixth Assessment Report,
represent contrasting climate futures. Scenario 2.6 reflects a low-emission trajectory aimed
at limiting global temperature rise to below 2 °C, highlighting the potential outcomes of
effective mitigation strategies. Conversely, scenario 8.5 illustrates a high-emission scenario,
indicative of limited mitigation efforts and more severe climate impacts.

The dual inclusion of scenarios 2.6 and 8.5 enables a broad examination of potential
future conditions, supporting comprehensive risk assessments and policy planning for cli-
mate adaptation and mitigation.

To analyze drought variability, the SPI was calculated at 3-, 6-, and 12-month intervals.
These different time scales offer insight into varying drought dynamics: SPI-3 is suitable for
identifying short-term, seasonal droughts with implications for agriculture and water sup-
ply; SPI-6 captures intermediate drought trends affecting crop growth cycles and reservoir
storage; and SPI-12 reflects longer-term hydrological droughts with impacts on water sys-
tems and regional climate patterns. Through this multi-scale approach, the study provides
an in-depth evaluation of drought characteristics in the study area.

Figure 10 displays the time series of the SPI for three different time scales: SPI-3, SPI-6,
and SPI-12. Above the threshold (= 1), SPI values represented by blue bars, indicate wet
conditions, while SPI values below -1.0 (shown in red) correspond to Moderate Dryness and
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Fig.9 The non-exceedance probability for 20 mm, 50 mm, and 70 mm precipitation levels under histori-
cal data and future climate scenarios (2.6 and 8.5)

Severe Dryness conditions, signaling drought events. Specifically, droughts are considered
to occur when SPI values fall below a threshold of -1.0. The figure effectively illustrates
how drought intensity and duration vary across different time scales, providing a clear pic-
ture of the evolving severity of drought conditions over time. This visualization is key to
understanding how droughts develop and how their severity changes depending on the time
scale analyzed. It can be seen that the shorter timescale is, the more drought events can be
captured. However, drought events are more severe in longer timescales.

The results in Fig. 11 present the drought characteristics for the historical period across
different stations based on SPI-3, SPI-6, and SPI-12 indices. The duration analysis shows
that SPI-12 exhibits longer drought durations compared to SPI-3 and SPI-6, especially
at Latyan, where it reaches its maximum with a duration of about 8 months. In terms of
intensity, SPI-3 shows the most intense drought conditions across locations, with values
ranging from about — 1.2 to — 1.8, followed by SPI-6 and SPI-12. The severity results fur-
ther reinforce the impact of longer timescales (SPI-12), with Latyan experiencing the most
severe drought conditions among all locations, reaching a severity value of about — 18.
The observed differences highlight the influence of timescales on drought characteristics,
emphasizing the importance of SPI-12 for capturing prolonged and severe drought events.

Under scenario 2.6, the drought characteristics derived from the Stack Model reveal a
clear pattern of increasing drought severity and duration with longer timescales, particu-
larly as represented by the SPI-12 index. In the near future, SPI-12 consistently shows
the longest drought durations across all stations, with a peak of approximately 8 months
observed in Afjeh. In contrast, SPI-3 and SPI-6 indicate shorter drought durations of about
2 to 3 months. Although the intensity values across all indices remain relatively stable,
SPI-3 tends to exhibit the most intense drought events, with values ranging from -1.4 to
-1.5 across stations. However, in terms of drought severity, SPI-12 presents the most criti-
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Fig. 10 Time series of the SPI at 3, 6 and 12 timescales for historical precipitation, showing drought (red)
and wet (blue) conditions over time for Afjeh station

cal conditions, reaching values close to -12, especially in Afjeh, emphasizing the impact
of prolonged drought episodes. Moving into the mid future, slight reductions in SPI-12
drought durations are observed, decreasing to around 5—6 months across most stations,
while intensity levels remain consistent with those of the near future. The severity values
also show a moderate decline, with maximum values dropping to around -8 in stations like
Kandsofla and Lavasanbozorg. In the far future, the duration of SPI-12 droughts increases
again, reaching nearly 8 months in areas such as Kandsofla, and severity values return to
previous high levels close to -12. SPI-3 and SPI-6 durations remain shorter throughout all
periods, typically around 2 months, while intensity values for these indices remain stable
and relatively unchanged. These findings suggest that although short-term drought char-
acteristics remain consistent, long-term droughts, as captured by SPI-12, are expected to
become more prolonged and severe under scenario 2.6, especially in specific regions. For
comparison, results from scenario 8.5 indicate that future droughts could become signifi-
cantly more severe and longer than those under scenario 2.6. However, drought intensity
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Fig. 11 Drought Characteristics for historical period
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Fig. 12 Drought Characteristics for scenario 2.6 derived by Stack method and MIROC6

remains relatively unchanged between scenarios, as it is defined by the ratio of severity to
duration, indicating that the more extreme drought conditions projected under scenario 8.5
result from a combined increase in both duration and severity. Nonetheless, the findings
under scenario 2.6 still highlight a clear risk of intensifying drought impacts in the coming
decades, particularly for long-term drought events. (Figs. 12 and 13)

The analysis of drought characteristics across different time scales (SPI-3, SPI-6, and SPI-
12) and future periods reveals varying model performances. For SPI-3, HadGEM3-GC31-
LL predicts the longest drought durations in the near and mid future, while CanESMS5 takes
the lead in the far future, indicating a shift in model dominance over time. MIROCG6 con-
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Fig. 13 The results of intensity based on SG method

sistently projects the most intense droughts across all periods for SPI-3, while for SPI-6, it
leads in the near and mid future but is surpassed by CanESMS in the far future. SPI-6 results
also show high spatial variability, with no single model consistently outperforming Others in
terms of drought duration. For SPI-12, ACCESS-CM2 predicts the longest and most severe
droughts in the near future, with mixed results in the mid future, and HadGEM3-GC31-LL
dominating in the Far Future in both duration and severity. Overall, the severity and duration
of projected droughts vary significantly by model, time period, and SPI scale, highlight-
ing the complexity and spatial dependence of future drought scenarios. The key takeaway
is that no single model universally outperforms others across all conditions, underscoring
the importance of using a multi-model ensemble approach to capture the range of possible
future drought behaviors and to inform robust water resource planning.

5 Conclusion

The Latyan watershed, one of Iran’s most significant basins, was selected to enhance the
precision of statistical downscaling results. The primary objective was to use the stacked
generalization and ML techniques to improve the performance of traditional statistical
downscaling methods and assess their impact on drought characteristics. Initially, five pre-
dictors from five GCMs, along with a seasonal index, were selected to train ML models
for downscaling. Following a series of experiments, it was determined that only precipita-
tion, surface temperature, and surface air pressure positively influenced the training process.
Using these three key variables in conjunction with the seasonal index, four different ML
methods namely MLP, SVR, RF, and Stacked Generalization were employed to downscale
monthly precipitation data. The results indicated that the Stacked method consistently out-

@ Springer



Natural Hazards (2026) 122:418 Page 250f29 418

performed the individual base ones (MLP, SVR, and RF), achieving the highest Nash—Sut-
cliffe Efficiency (NSE) across all stations and climate models, and exhibiting the lowest
Mean Squared Error (MSE) compared to the other models.

Furthermore, the findings revealed that MIROC6 was the most effective GCM across
most downscaling methods. The performance of various ML-based downscaling methods
for monthly precipitation data was compared under two climate scenarios: 2.6 (optimis-
tic) and 8.5 (pessimistic) scenarios, based on the MIROC6 model. The results showed that
the choice of ML model significantly influenced the magnitude and variability of down-
scaled precipitation, with the S2.6 scenario showing higher mean averages compared to 8.5
scenario.

For a more detailed analysis, the future period was divided into three distinct categories:
near future (2030-2055), mid-century (2055-2080), and late century (2080-2100). Accord-
ing to the precipitation values derived from scenarios 2.6 and 8.5, and based on MIROC6
results, it is projected that the average precipitation at the Afjeh station will decrease in the
near, mid, and late future periods, respectively.

Subsequently, the SPI was calculated using a parametric method at 3-, 6-, and 12-month
timescales. This analysis utilized observed data alongside GCMs for the historical period
and two future scenarios (2.6 and 8.5). Various timescales, particularly 3-, 6-, and 12-month
intervals, were employed to calculate drought indices in the study area to examine how
drought index trends change across these timescales. The findings indicated that while
short-term drought characteristics remain stable, long-term droughts, as recorded by SPI-
12, are expected to become longer and more severe under scenario 2.6, especially in specific
regions. In comparison, the results of scenario 8.5 suggest that future droughts could be
significantly more severe and prolonged than those under 2.6 scenario. However, drought
intensity remains relatively unchanged between scenarios, as it is defined by the ratio of
severity to duration, indicating that the more severe drought conditions projected under 8.5
scenario result from a combined increase in duration and severity. Nonetheless, the findings
about 2.6 scenario still highlight the apparent risk of intensified drought effects in the com-
ing decades, particularly for long-term drought events.
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