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Abstract 42 

Meteorological drought forecasting is critically important as one of the fundamental challenges in 43 

water resources management, particularly in semi-arid regions such as the Karkheh Hydrosystem 44 

in iran. In this study, daily precipitation data from four CMIP6 models under SSP126 and SSP585 45 

climate scenarios for the period 2026–2039 were used to calculate the Standardized Precipitation 46 

Index (SPI) at four time-scales; 3, 6, 9, and 12 months. The climate model data were downscaled 47 

and bias-corrected using the Quantile Delta Mapping (QDM) algorithm. Subsequently, five 48 

machine learning models; including GPR, XGBoost, SVM, MLP, and Random Forest, were 49 

trained and evaluated using historical data from 1966 to 2018. The results showed that the GPR 50 

model, which achieved the highest coefficient of determination (R² = 0.944) and the lowest error 51 

values at the 6-month scale, was identified as the best-performing model, followed by XGBoost 52 

and SVM. It was also found that the 6-month scale, exhibiting the highest accuracy across all 53 

models, is the optimal time scale for drought forecasting. Analysis of SPI forecasts revealed that 54 

as the time scale increases, the percentage of drought decreases and conditions tend toward wetter 55 

periods. However, the intensity of extreme events under the pessimistic SSP585 scenario is 56 

significantly greater than under the optimistic SSP126 scenario. Overall, the optimistic SSP126 57 

scenario, characterized by lower fluctuations and only mild drought, provides more stable 58 

conditions for water resources management. The findings of this study indicate that the GPR model 59 

is an efficient and reliable tool for forecasting and designing an early drought warning in the 60 

Karkheh Hydrosystem. Additionally, it is suggested to use 6-month timeframe for medium-term 61 

planning and a 12-month timeframe for long-term water resource management in this basin. 62 

 63 
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Introduction  82 

Drought, a significant natural hazard, has intensified in recent decades due to anthropogenic 83 

climate change [1]. Its multifaceted impacts are shaped by diverse societal values, leading to 84 

varying definitions and classifications [2]. Drought is broadly categorized into meteorological, 85 

hydrological, agricultural, socioeconomic, energy and governance-related types, with 86 

meteorological drought marked by reduced precipitation and atmospheric moisture serving as the 87 

precursor to other forms [3,4]. Meteorological drought, is ystematically exacerbates water scarcity, 88 

that precipitates severe agricultural yield losses, and socioeconomic destabilization [5,6]. In 89 

response to escalating threats, contemporary hydroclimatic research has increasingly relied on the 90 

predictive capabilities of advanced Earth System Models to elucidate the future trajectories of 91 

extreme events. Within this context, the Coupled Model Intercomparison Project Phase 6 (CMIP6) 92 

constitutes the state-of-the-art framework for generating climate projections. Nevertheless, the 93 

operational utility of these simulations is significantly limited by inherent structural biases. for 94 

example, as outlined  by Giardina et al. (2024) [7], CMIP6 outputs exhibit a pronounced systematic 95 

bias, characterized by a persistent underestimation of terrestrial water storage dynamics and an 96 

overestimation of soil moisture constraints, that these systematic errors fundamentally distort the 97 

representation of land-atmosphere feedback mechanisms and evapotranspiration partitioning, 98 

thereby introducing substantial uncertainties that can critically skew both the intensity and 99 

temporal evolution of projected drought characteristics. This inherent limitation underscores the 100 

imperative need for rigorous bias-correction frameworks such as Quantile Delta Mapping to 101 

enhance the fidelity of drought assessments, particularly in climate-sensitive semi-arid regions like 102 

the Karkheh Hydrosystem. 103 

The Standardized Precipitation Index (SPI) has pivotal as an indispensable metric for the 104 

characterization of drought severity, owing to its multiscalar flexibility. Recommended by the 105 

World Meteorological Organization (WMO, 2016) [8], SPI’s versatility enables its application 106 

across multi-SPI scales and drought types. For example, Salimi et al. (2021) [9] employed the SPI 107 

to project climate change impacts on drought, while Eini et al. (2023) [2] extended its diagnostic 108 

utility to quantify hydrological drought persistence at a 12‑month accumulation period. Shayeghi 109 

et al. (2024) [10] innovatively synergized SPI with satellite‑derived remote sensing proxies to 110 

enhance the detection of agricultural drought stress across heterogenous landscapes. However, the 111 

accuracy of drought projections hinges on the quality of climate model outputs, particularly as 112 

CMIP6 models exhibit regional heterogeneities. Illustratively, Zhang et al. (2023) [11] leveraged 113 

CMIP6 to analyze spatiotemporal drought patterns across China, identifying rising drought 114 

frequency and intensity under high-emission scenarios (SSP585), aligning with global trends 115 

reported by Wang et al. (2024) [12]. The intensification of hydrological extremes under 116 

anthropogenic climate change has catalyzed the use of advanced General Circulation Models 117 

(GCMs), particularly the Coupled Model Intercomparison Project Phase 6 (CMIP6) ensemble. 118 

Relative to its predecessor (CMIP5), CMIP6 features enhanced spatial resolution and refined 119 

process parametrization. Zhang et al. (2025) [13] developed 10-kilometer super-resolution climate 120 

projections based on CMIP6 for China, incorporating Potential Evapotranspiration (PET) 121 



estimates to increase hydrological accuracy. Similarly, Zuo et al. (2023) [14] used dynamical 122 

downscaling with the Weather Research and Forecasting (WRF) model to forecast heatwaves in 123 

the Pearl River Delta, emphasizing the importance of high-resolution data for capturing local 124 

climate extremes. In addition, Marshall et al. (2025) [15] combined CMIP6 data with the Soil and 125 

Water Assessment Tool (SWAT) to assess flood risks and vegetation changes across the 126 

contiguous United States, demonstrating the benefits of integrated hydro-climate modeling 127 

frameworks. Together, these developments highlight the significant potential of CMIP6; however, 128 

raw outputs from global climate models often contain systematic biases that distort regional 129 

hydroclimatic patterns. Therefore, thorough bias correction is essential to ensure reliable impact 130 

assessments [7]. These findings emphasize the urgency of refining climate models to capture 131 

localized hydrological extremes. Collectively, these empirical insights underscore the advanced 132 

statistical downscaling, and the deployment of bias‑correction algorithms to accurately resolve 133 

localized hydroclimatic extremes, particularly in topographically complex and water‑stressed 134 

semi‑arid basins. Drought forecasting is vital to water resources planning and management in 135 

minimizing its negative consequences.  136 

Traditional drought forecasting methods primarily based on linear statistical relationships and lack 137 

the capacity to capture the complex, nonlinear patterns that govern drought phenomena. In recent 138 

years, machine learning models have emerged as powerful tools for forecasting climatic events, 139 

significantly improving prediction accuracy by leveraging the strengths of multiple base models. 140 

A key advantage of these models is their ability to understand complex and nonlinear interactions 141 

among climatic factors, which greatly enhances precipitation and drought forecasting. The 142 

Karkheh Hydrosystem, one of Iran's most important catchments, supplies drinking and agricultural 143 

water to millions of people and has experienced severe, consecutive droughts in recent years. 144 

However, comprehensive study has yet utilized advanced machine learning models combined with 145 

downscaled CMIP6 data to forecast drought in this basin. This study evaluates the impacts of 146 

climate change on drought in the Karkheh Hydrosystem using CMIP6 scenarios. After analyzing 147 

precipitation and estimating the Standardized Precipitation Index (SPI) at 3, 6, 9, and 12-month 148 

scales, the Quantile Delta Mapping (QDM) algorithm will be applied for downscaling and bias 149 

correction of CMIP6 data to address the bias identified by Giardina et al. (2024) [7]. The 150 

methodology is based on the high-resolution approach of Zhang et al. (2025) [13] and incorporates 151 

the emphasis on regional characteristics highlighted by Zuo et al. (2023) [14] aiming to project 152 

future drought conditions with greater accuracy. By combining the multi-scale SPI with 153 

sophisticated CMIP6 projections, this study aims to assess a region vulnerable to climate change. 154 

Accordingly, the primary objective of this research is to forecast meteorological drought in the 155 

Karkheh Hydrosystem under SSP126 and SSP585 climate scenarios using machine learning 156 

models, including Support Vector Machine (SVM), Gaussian Process Regression (GPR), Random 157 

Forest (RF), Multilayer Perceptron (MLP) and Extreme Gradient Boosting (XGBoost). The 158 

secondary objectives are to (1) evaluate and compare the performance of base and ensemble 159 

models in drought forecasting, (2) identify the best-performing model for drought forecasting in 160 



the Karkheh Hydrosystem, and (3) analyze drought trends during the 2025–2039 period under both 161 

optimistic and pessimistic scenarios.  162 

Case studies and Data  163 

The Karkheh River basin is located in southwestern Iran, between latitudes 30°00' and 35°00' north 164 

and longitudes 46°00' and 49°00' east, covering an area of approximately 51,000 km². As one of 165 

the primary and most productive rivers in Iran, the Karkheh River plays a crucial role in irrigating 166 

about 9% of the country's agricultural land. The basin's water is extensively utilized for agricultural 167 

irrigation, domestic water supplies, and fish farming [29]. For this study, daily precipitation data 168 

from three rain gauge stations within the basin were obtained from the Iran Water Resources 169 

Management (IWRM). The study period extends from 1966 to 2018. Figure 1(a) illustrates the 170 

Karkheh River basin along with the locations of the selected rain gauge stations. The climate of 171 

this basin is strongly influenced by its wide latitudinal range, significant altitudinal variations, and 172 

its specific position within the Zagros Mountains. Similar to the Karun basin, the Karkheh 173 

Hydrosystem has faced considerable hydrological challenges due to the development of various 174 

water resource projects [30]. 175 

Table 1. Information on stations in Karkheh Hydrosystem 176 

n Station name Latitude Longitude 
Established 

time 
Basin Period 

10 Aghajanbolaghi 340 50’ 430 03’ 1966 Karkheh 
1966-

2018 

11 Doabmarak 340 33’ 460 47’ 1966 Karkheh 
1966-

2018 

12 Pol Dokhtar 390 09’ 470 46’ 1966 Karkheh 
1966-

2018 



 177 

Figure 1. Location of the study site within its broader geographic context. 178 

In this study, daily precipitation data from three rain gauge stations in the Karkheh Hydrosystem, 179 

obtained from Iran's Water Resources Management Organization for the period 1966 to 2018, were 180 

collected. Additionally, precipitation data from four CMIP6 models under the SSP126 and SSP585 181 

scenarios for 2026 to 2039 were acquired. The climate model data were first downscaled and bias-182 

corrected using the Quantile Delta Mapping (QDM) method. Next, the Standardized Precipitation 183 

Index (SPI) was calculated based on the Gamma distribution for four time-scales: 3, 6, 9 and 12 184 

months. Then, five machine learning models including Support Vector Machine (SVM), Gaussian 185 

Process Regression (GPR), Random Forest (RF), Multilayer Perceptron (MLP) and Extreme 186 

Gradient Boosting (XGBoost) were trained on historical data. Their performance was assessed 187 

using RMSE, MAE, and R² metrics. The trained models were subsequently used to predict the SPI 188 

for 2026 to 2039 under the SSP126 and SSP585 climate scenarios. Finally, the models’ 189 

performance and drought forecasting results were presented through tables, comparative charts, 190 

and ranking maps. Figure 2 illustrates the steps of the research methodology. 191 

 



 192 

Figure 2. Flowchart of the research methodology 193 

GCM Data 194 

This study uses Shared Socio-Economic Pathways (SSPs) to simulate precipitation in the Karkheh 195 

Hydrosystem. General Circulation Models (GCMs) play a crucial role in forecasting future climate 196 

conditions under various emission scenarios [17]. SSPs provide detailed projections of future 197 

population trends, including economic growth, technological progress, lifestyles, policies, and 198 

other social factors, outlining five distinct potential climate futures [18]. These five pathways 199 

SSP1, SSP2, SSP3, SSP4, and SSP5 are part of the CMIP6 framework. Since datasets originate 200 

from multiple reports, this research utilizes data from the Sixth Assessment Report (CMIP6). Daily 201 

precipitation data from four models under two scenarios, SSP1-2.6 and SSP5-8.5, representing 202 



sustainable development and fossil fuel-driven growth, respectively, are used. Details about the 203 

models are presented in Table 2.   204 

SSP1: Sustainable Pathway   205 

This scenario envisions a global shift toward sustainability characterized by balanced and inclusive 206 

development. The shared use of international resources fosters increased investments in education 207 

and healthcare, which in turn influence population dynamics and economic growth, ultimately 208 

enhancing human well-being [19]. 209 

SSP5: Fossil Fuel–Driven Development   210 

In this scenario, the global economy grows rapidly, powered by fossil fuels. Despite fluctuations 211 

in population size, environmental issues such as air pollution are effectively managed (19). 212 

Table 2. Information on models chosen for this study under the two scenarios, SSP1-2.6 and SSP5-213 

8-5 214 

Model Institution  Resolution  SSP126 SSP585 Historical 

Access-

ESM 

Australian Community 

Climate and Earth 

System Simulator  

1.80 × 1.250 2014-2100 2015-2100 1850-

2014 

Can-ESM5 Canadian Center for 

Climate Modeling and 

Analysis  

2.80 × 2.80 2014-2100 2015-2100 1850-

2014 

MIROC Atmosphere and Ocean 

Research Institute; 

Center for Climate 

system Research-

National Institute for 

Environment Studies 

1.40 × 1.40 2014-2100 2015-2100 1850-

2014 

Access-

CM2 

Australian Community 

Climate and Earth 

System Simulator  

1.870 × 1.250 2014-2100 2015-2100 1850-

2014 

 215 

Methodology 216 

Downscaling and Bias Correction 217 

A key challenge when using output from Atmosphere-Ocean General Circulation Models 218 

(AOGCMs) is that their data are at a much coarser scale compared to specific case studies. 219 

Therefore, it is crucial to apply techniques that downscale and bias-correct AOGCM outputs to the 220 

regional level [20]. Several approaches are available to adapt AOGCM data for regional 221 

applications [21]. Currently, machine learning techniques are employed for downscaling and bias 222 

correction, including quantile delta mapping (QDM) (22) and multivariate bias correction (MBC) 223 

[23]. The QDM algorithm has been applied for downscaling and bias correction in the karkheh 224 

river basins.   225 

Quantile Delta Mapping (QDM) 226 



QDM is an algorithm designed to preserve changes in quantiles and operates similarly to quantile 227 

mapping (QM). Initially, quantiles are adjusted based on model projections, and then QM corrects 228 

the bias in simulated values using a transfer function derived during the calibration period. Finally, 229 

the bias-corrected model incorporates projected absolute changes for temperature or relative 230 

changes for precipitation in the quantiles. To accurately capture the climate variable x at time t, 231 

the non-exceedance probability associated with the observed values is first estimated [22]: 232 ߬௠,௣ (ݐ) = ௠,௣௧ܨ ,[(ݐ)௠,௣ݔ] ߬௠,௣(ݐ) ∈ {0,1} (1) 

Where ߬௠,௣  is non-exceedance probability that evaluated with time; ݔ௠,௣ indicates the modeled 233 

value in the projection period (p). And then relative change for precipitation in quantile between 234 

historical data and time (t) estimated by:  235 ∆௠(ݐ) = [(ݐ)௠,௣߬]௠,௖−1ܨ[(ݐ)௠,௣߬]௠,௣(௧)−1ܨ  = ௠,ℎ−1ܨ(ݐ)௠,௣ݔ  [߬௠,௣(ݐ)] (2) 

 236 

Where ܨ௠,௖−1   in inverse CDF for simulation in calibration period. Moreover, ߬௠,௣ quantile in 237 

projection period (p) in calibration period corrected using observation value which estimated:   238 ̂(ݐ)ݔ =  (3) [(ݐ)߬]௢,௖−1ܨ

   239 

Where ܨ௢,௖−1 is inverse CDF is estimated from observed values of xo, c in the calibration period. As 240 

result, bias correction in the projection period equals to bias correction of  ̂(ݐ)ݔ multiple relative 241 

change in the precipitation: 242 ݔ௕௖(ݐ) = (ݐ)ݔ̂  ×  (4) (ݐ)∆

MBC package in R (https://cran.r-project.org/web/packages/MBC/index.html) is used to 243 

downscale and bias-correct AOGCM data for the Karkheh Hydrosystem. The calibration period 244 

was chosen from 1966 to 1998, and the validation period was selected from 1999 to 2014 for the 245 

Karkheh station. Following the approaches of Cannon et al. (2020) [23], Firoozi et al. (2024) [24], 246 

all scenarios are bias-corrected using historical data from each model alongside observational data 247 

to carry out downscaling and bias correction, ensuring that changes are preserved. 248 

Performance of QDM algorithm 249 

The mean absolute error (MAE) is used as an evaluation metric to assess the performance of the 250 

quantile delta mapping (QDM) method compared to reference data during the calibration period 251 

for Karkheh (1966–1998) and the validation period for Karkheh (1999–2014). This metric has also 252 

been utilized by other researchers [24,25]. The MAE is calculated as follows: 253 ܧܣܯ = 1ܰ ∑|ܺ௢௕௦,௜ − ܺ௦௜௠,௜|ே
௜  

 

(5) 

Where ܺ௢௕௦,௜ observed value; ܺ௦௜௠,௜ is simulated value. If the MAE value was lower, it considers 254 

lower bias. MAE for references data and simulated data is calculated. 255 

Standard Precipitation drought index (SPI) 256 

https://cran.r-project.org/web/packages/MBC/index.html


The Standardized Precipitation Index (SPI) was introduced by McKee et al. (1993) [26]to evaluate 257 

drought conditions using precipitation data. Its simplicity of calculation and applicability over 258 

various time scales are two key reasons for its widespread use. Consequently, this index is used to 259 

investigate meteorological drought [24], hydrological drought (2), and agricultural drought [27]. 260 

The (SPI) for different time scales was calculated by fitting the best probability distribution to 261 

precipitation data, specifically the Gamma distribution (26). Drought classification is based on 262 

Table 3. A drought event begins when SPI values fall below -1, while SPI values between -1 and 263 

1 indicate normal conditions [28]. This study calculates SPI for 3, 6, 9, and 12 month scales for 264 

the Karkheh Hydrosystem using mean monthly precipitation. The SPI is calculated by: 265 

ܫܲܵ (6) = ݏ ݐ − ݐ2ܿ) + ݐ(1ܿ + ݐ3݀))0ܿ + ݀2) + ݀1) + 1 ݐ           = ݊ܮ√      2(ܺ)ܪ1
 

(ݔ)ܩ (7) = 0(ߛ)߁ߛߚ1 ∫ ܺఊ−1݁−௫ఉ ௫          ݔ݀
0    ܺ > (ߛ)0 = ∫ ܺఊ−1݁௫݀ݔ∞

0  

 

Where X is precipitation value; ߚ and ߛ  are scale and shape parameters of Γ function; s is positive 266 

and negative coefficients; c0, c1, c2 and d1, d2, d3 are calculated parameters. Their value by:  267 ܿ0 = 2.515517, ܿ1 = 0.802853, ܿ2 = 0.010328, ݀1 = 1.432788, ݀2 = 0.189269     and   ݀3 =268  0.001308 .  269 

G(x) denotes the probability distribution of precipitation. When G(x)>0.5, then H(x)=1-G(x) and 270 

S=1; otherwise, H(x)= G(x) and S=-1. 271 

Table 3. classification SPI in this research 272 

SPI value Classification 

SPI>1 Wetness 

-1<SPI<1 Normal 

SPI<-1 Drought 

SPI<-2 Severe 

Drought 

Machine Learning Models 273 

In this study, the five machine learning models were evaluated and compared for forecasting the 274 

Standardized Precipitation Index (SPI) drought index across four time-scales: 3, 6, 9, and 12 275 

months. The objective was to identify the best-performing model and assess the strengths and 276 

weaknesses of each in predicting drought conditions in the Karkheh Hydrosystem under the impact 277 

of climate change. The results of this study can serve as a foundation for selecting an appropriate 278 

model for water resource management and drought Resilience. The following sections provide a 279 

brief introduction to each model. 280 

Extreme Gradient Boosting (XGBoost)  281 

The XGBoost model is an ensemble learning algorithm that belongs to the boosting category. It 282 

uses decision trees as its base learners and employs a gradient-boosting technique to minimize loss 283 



when adding new models. XGBoost aims to enhance both the training speed and predictive 284 

performance of gradient-boosted decision trees. Foundational knowledge about the mechanism 285 

and implementation of XGBoost can be found in the paper by Chen and Guestrin (2016) [31] and 286 

further discussed by Li et al. (2025) [32]. 287 

Random Forest (RF)  288 

Random Forest (RF) is a supervised machine learning algorithm that reduces uncertainty and 289 

overfitting by averaging the results of multiple decision trees [33,34]. Moreover, Random Forest 290 

effectively handles large datasets, is more interpretable, and can incorporate multiple features [34]. 291 

The Random Forest method can rank the relative importance of each predictor variable based on 292 

the expected structure of the tree arrangement, all of which are evaluated using the same 293 

distribution. The model begins by constructing a forest of decision trees using the bootstrap 294 

approach, in which each tree is built separately using a random subset of predictor data. Without 295 

pruning, the trees grow to their maximum size, and the average of the outputs from all the multiple 296 

decision trees is the final result [34,35], delivering effective regression performance and selecting 297 

the best answer by voting [34,36]. 298 

Gaussian Process Regression (GPR) 299 

Gaussian processes (GPs) offer a powerful and flexible approach to regression and classification 300 

problems, moving beyond the limitations of simple parametric forms. Their strength lies in their 301 

non-parametric nature, allowing them to model complex relationships within data by defining a 302 

distribution over functions rather than just parameters [37,38]. A key feature of GPs is the wide 303 

array of covariance functions available. These functions determine the degrees and characteristics 304 

of the modeled functions, enabling researchers to tailor the GP to the specific structure of their 305 

data [39]. This flexibility makes GPs particularly well-suited for addressing diverse engineering 306 

and modeling challenges [40]. 307 

Gaussian process regression (GPR) leverages this concept by assuming that past observations 308 

contain valuable information about future ones and, unlike the Gaussian distribution, the Gaussian 309 

process is over functions [41]. This data-driven, non-parametric approach allows GPR to model 310 

complex relationships without the need for explicit model validation to generalize them [42]. 311 

Several advantages make GPR appealing for various applications, including easy implementation, 312 

adaptable hyperparameter tuning, and the ability to provide probabilistic predictions, quantifying 313 

uncertainty in a statistically sound manner. This led to a surge in interest in GPR from both industry 314 

and academia. Notably, specialized kernels such as the PUK kernel, designed for large datasets, 315 

further expanded the applicability of GPR in fields such as hydrology and climate research [43]. 316 

Multilayer Perceptron (MLP) 317 

The MLP network is one of the most important architectures in artificial neural networks. These 318 

networks consist of layers of sensory units (neurons), including an input layer, one or more hidden 319 

layers, and an output layer. The input signal is transmitted forward through the network, from the 320 

input layer to the hidden layers and then to the output layer [44,45]. The output of each neuron is 321 

multiplied by weight coefficients and given as input to a nonlinear excitation function. During the 322 

training phase, the training data is fed into the perceptron, and network weights are adjusted to 323 



minimize the error between the target and the model output or until the number of training times 324 

to the default value. Subsequently, as in all modeling processes, different inputs (not present in the 325 

training phase) are used for model validation. Training neural networks is generally very complex 326 

and can be considered an optimization problem involving a large number of variables [46]. 327 

Support Vector Machine (SVM) 328 

SVM determines the decision boundary, or the optimal hyperplane, that divides an n-dimensional 329 

space. The algorithm selects keys points called support vectors, which are essential for forming 330 

this hyperplane [47,48,49]. It is a widely used supervised machine learning technique applicable 331 

to both classification and regression [50]. The linear SVM can be represented by Equation (8) as 332 

follows: 333 

x1, y1… … …xn, yn 334 

where y1 is either 1 or -1, depending on the linkage between the class and point x1. The hyperplane 335 

divides the set of points, x1, when y1=1 and y1=-1. This hyperplane is determined by optimizing 336 

the distance between itself and the nearest point x1 from either group. The hyperplane that satisfies 337 

Equation (9) for a given set of points can be expressed as below: 338 

wTx-b=0 339 

where w is the hyperplane’s normal vector. The parameter, b||w|| indicates how far away from the 340 

origin the hyperplane is from the normal vector. The linear regression model is a fundamental tool 341 

used to predict the dependent variable, Y, based on the independent variable, X. It is a statistical 342 

and machine learning algorithm that maps numeric inputs to numeric outputs by fitting a best-fit 343 

straight line to the dataset. The model's accuracy is evaluated using the least squares estimation 344 

method. Equation (10) for linear regression is expressed as follows: 345 

Yi=β0+β1X1+β2X2+…+βpXin+ϵ 346 

where Xi and Yi are the independent and dependent variables, respectively; β0 is constant; βn is 347 

the slope coefficient of each Xi; and ϵ is the model error term or residual [48]. 348 

Result and Discussion 349 

Downscaling and Bias Correcting 350 

GCM data from each model under the SSP126 and SSP585 scenarios were downscaled and bias-351 

corrected using the QDM algorithm. Historical data from each model, along with observed daily 352 

precipitation, were used to train the QDM, which produced downscaled and bias-corrected data. 353 

The periods 1966–1998 and 1970–2002 were selected as calibration periods for the Karkheh 354 

Hydrosystem, while 1999–2014 and 2003–2014 were chosen for validation. MAE values for each 355 

model were calculated (Table 4). All downscaled and bias-corrected datasets from the four models 356 

demonstrated excellent performance with the QDM algorithm, as their MAE values were lower 357 

than those of the reference data, consistent with the results reported by Firoozi et al. (2024) [24] 358 

and Xavier et al. (2022) [51]. 359 

Table 4. MAE values for downscaled and bias corrected models and references models in 360 

Karkheh Hydrosystem 361 

 Karkheh 



Calibration Validation  

References Simulated References Simulated 

Can-ESM 37.43 1.906 1.814 39.48 

ACCESS-

ESM 

45.49 1.906 1.818 49.33 

MIROC6 42.05 1.943 1.815 42.28 

ACCESS-

CM2 

42.530 1.976 44.42 1.819 

Daily precipitation data from four CMIP6 models under SSP1-2.6 and SSP5-8.5 scenarios were 362 

downscaled and bias-corrected for the Karkheh Hydrosystem. Due to the high uncertainty model, 363 

the mean precipitation from all four models was used for analysis. Precipitation changes during 364 

the period 2026–2039 were compared with reference data from 1966–2018 for the Karkheh 365 

Hydrosystem. Figure 3 shows precipitation changes under the mean of the four models for SSP1-366 

2.6 and SSP5-8.5 in the Karkheh Hydrosystem. The highest increase in precipitation under both 367 

SSP1-2.6 and SSP5-8.5 occurs in March, with a 44% increase, corresponding to rises of 13.9 mm 368 

and 13.7 mm, respectively, compared to the reference period. The largest decrease under SSP5-369 

8.5 is 30.68%, and 6.14 mm, in September. Overall, precipitation under SSP1-2.6 and SSP5-8.5 in 370 

the Karkheh Hydrosystem is projected to increase by 11.25% and 12.8%, respectively, relative to 371 

the reference period.  372 

 373 

Figure 3. Precipitation changes under mean of four models of SSP126 and SSP585 in 2026-2039 374 

relative to references period in Karkheh Hydrosystem 375 

Drought  376 

After determining the precipitation distribution using the Kolmogorov-Smirnov test, the 377 

Standardized Precipitation Index (SPI) was estimated. A gamma distribution was fitted to the 378 

monthly mean precipitation in the Karkheh Hydrosystem. SPI was calculated for 3-, 6-, 9-, and 379 
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12-month timescales using observed data from 1966 to 2018. Figure 4 illustrates the SPI for these 380 

timescales in the Karkheh Hydrosystem. The SPI for the 3- and 6-month scales exhibits greater 381 

variability than the 9- and 12-month scales because long-term SPI considers consecutive wet and 382 

dry periods as a single drought event. The basin experienced severe droughts in 2000 and 2008, 383 

consistent with the findings of Kamali et al. (2017) [52]. According to the Mann-Kendall test, the 384 

SPI for the 6-, 9-, and 12-month scales shows a significant downward trend at the 1%, 5%, and 385 

10% confidence levels. This indicates that drought has intensified recently due to a negative 386 

precipitation trend in the Karkheh Hydrosystem. 387 

 388 

Figure 4. SPI for 3, 6, 9, and 12- month scale in Karkheh Hydrosystem (1966-2018) 389 

Evaluation of Model Accuracy in Drought Forecasting (2026–2039) 390 

The evaluation of five machine learning models, including GPR, XGBoost, SVM, MLP, and RF, 391 

for forecasting the Standardized Precipitation Index (SPI) drought index across four time-scales 392 

(3, 6, 9, and 12 months) revealed that the GPR model consistently outperformed the others. GPR 393 

achieved the highest coefficient of determination (R²) at the 6-month scale (0.944), as well as 394 

strong performance at the 3-month (0.891), 9-month (0.939), and 12-month (0.912) scales. It also 395 



recorded the lowest error values (RMSE and MAE) across all scales, establishing it as the best-396 

performing model (Figure 5c). This superiority is attributed to the Bayesian and kernel-based 397 

nature of GPR, which enables highly accurate modeling of complex nonlinear relationships. The 398 

XGBoost model demonstrated very good performance at the 3- and 6-month scales (R² = 0.865 399 

and 0.922, respectively), ranking as the second-best model (Figure 5d). This highlights the strong 400 

capability of gradient-boosted tree-based algorithms in capturing short- and medium-term patterns. 401 

However, its accuracy declined at the 9- and 12-month scales (R² = 0.886 and 0.879, respectively), 402 

suggesting that XGBoost requires more precise tuning and additional training data for reliable 403 

long-term predictions. The SVM model exhibited stable and acceptable performance across all 404 

scales, with an average R² of 0.889, and particularly strong results at the 9-month scale (R² = 405 

0.907), ranking it third (Figure 5e). This indicates the effectiveness of nonlinear kernels in drought 406 

forecasting. Nevertheless, SVM’s limitations include the need for precise parameter tuning and 407 

time-consuming training. The MLP model showed moderate performance at short-term scales (3 408 

and 6 months) but improved significantly at the 12-month scale, achieving an R² of 0.885 and 409 

ranking second after GPR, outperforming both XGBoost and SVM (Figure 5a). This suggests that 410 

the deep architecture of neural networks with multiple hidden layers is well-suited for identifying 411 

long-term patterns and complex nonlinear relationships in climatic data. These findings align with 412 

previous studies by Rezaeian-Zadeh and Tabari (2012) [53], Lee et al. (2013) [54], and Prabowo 413 

et al. (2024) [55], which demonstrated that neural network models perform better in long-term 414 

drought forecasting than in short-term predictions. The Random Forest model, despite acceptable 415 

performance (average R² = 0.862), exhibited the weakest results across all scales (Figure 5b). 416 

Analysis of the time scales indicates that the 6-month scale, which yielded the highest accuracy 417 

across all models, is the optimal scale for drought forecasting. Overall, the results confirm that the 418 

GPR model, by providing the highest accuracy and lowest error across all scales, is the most 419 

effective model for drought forecasting in the Karkheh Hydrosystem (Figure 6). This conclusion 420 

is consistent with findings from Pand et al. (2025) [56], Karbasi et al. (2022) [57], Ghasemi et al. 421 

(2021) [37] and Oruc et al. (2024) (38), which also reported the superior performance of GPR 422 

compared to other models. 423 



 
 

 

  

Figure 5. The accuracy and rank chart of the models over SPI-3, SPI-6, SPI- 9, and SPI-12 424 



 425 

Figure 6. Mean distribution of model evaluation metrics 426 

SPI Drought Forecasting under the SSP1-2.6 and SSP5-8.5 Scenarios for the Period 2025–427 

2039 428 

SPI-3 drought forecasting 429 

The SPI-3 index represents the three-month precipitation status of the Karkheh Hydrosystem, 430 

where positive values indicate wet periods and negative values indicate drought conditions. The 431 

trend of drought variations under the SSP126 and SSP585 scenarios is presented in Figure 7. Based 432 

on statistical analysis and an overall comparison of the scenarios (Figure 8), the mean SPI-3 under 433 

the SSP126 scenario is 0.102, and under the SSP585 scenario, it is 0.108 both indicating normal 434 

climatic conditions with a slight tendency toward wetter conditions. These values suggest that, on 435 

average, the Karkheh Hydrosystem will experience normal conditions under both scenarios, and 436 

the difference of 0.006 units between the two scenarios is statistically negligible and insignificant. 437 

However, the range of variation reveals fundamental differences; under SSP126, SPI-3 fluctuates 438 

from -0.859 to +1.282, while under SSP585, it varies from -0.983 to +1.673. This difference of 439 

0.124 units in the minimum and 0.391 units in the maximum indicates that the pessimistic scenario 440 

not only brings more severe droughts but also experiences much more intense wet periods, 441 

significantly increasing the range of climatic fluctuations. The standard deviation under SSP126 442 

is 0.466, and under SSP585, it is 0.555; the difference of 0.089 units indicates greater variability 443 

and higher climatic instability in the pessimistic scenario. Under the SSP126 scenario, out of a 444 

total of 268 months studied, 115 months (42.85%) exhibited negative SPI values, indicating 445 

drought conditions, while 153 months (57.15%) had positive or zero SPI values, representing 446 

normal to wet conditions. Under the SSP585 scenario, 112 months (41.70%) experienced drought, 447 

and 156 months (58.30%) had normal or wet conditions. This 1.15% difference suggests that 448 

despite greater variability in the pessimistic scenario, the percentage of drought occurrence is 449 

slightly lower than in the optimistic scenario. This may be attributed to an increase in extreme 450 

precipitation events under SSP585. In other words, the increased variability under SSP585 is 451 



predominantly skewed toward more intense wet periods, thereby reducing the number of dry 452 

months. The analysis of different SPI classes indicates that, in both scenarios, drought occurs only 453 

in the mild category (SPI between 0 and -1). No instances of moderate drought (SPI between -1 454 

and -1.5), severe drought (SPI between -1.5 and -2), or extreme drought (SPI less than -2) were 455 

observed. Notably, the Karkheh Hydrosystem, over the three-month period and under both climate 456 

scenarios, is not expected to experience severe droughts; all droughts will be mild and manageable. 457 

Furthermore, under SSP126, 42.9% of months experienced mild drought, while 57.1% were 458 

normal to wet. Under SSP585, 41.7% of months experienced mild drought, and 58.3% were 459 

normal to wet, indicating a relative similarity in drought class distribution between the two 460 

scenarios. Examination of the SPI-3 time series reveals distinct seasonal patterns, with summer 461 

months (June to September) tending toward negative SPI values and winter to early spring months 462 

(December to April) tending toward positive SPI values. This seasonal pattern is consistent across 463 

both scenarios. The highest positive SPI value under SSP126 occurred in January 2032, reaching 464 

+1.282, while under SSP585, it also occurred in January 2032 but reached +1.673, indicating a 465 

concurrent severe wet event in both scenarios at the beginning of 2032. The lowest negative SPI 466 

value under SSP126 was recorded in September 2036 at -0.859, and under SSP585 in September 467 

2032 at -0.983, indicating a mild drought event in early autumn under both scenarios. Notably, 468 

under SSP126, SPI-3 values never exceed +1.282 or fall below -0.859, whereas under SSP585, 469 

SPI-3 reaches +1.673 and -0.983, indicating greater intensity of extreme events in the more 470 

pessimistic scenario. Specifically, during 2031 to 2033, the SSP585 scenario experiences a 471 

relatively severe wet period with SPI values above 1.5 in several months, while under SSP126, 472 

this period exhibits lower intensity (maximum +1.282). Additionally, during 2036 to 2038, both 473 

scenarios experience a relatively prolonged drought period, with intensities reaching -0.859 under 474 

SSP126 and -0.983 under SSP585. Annual analysis of the data shows that in both scenarios, the 475 

years 2031 and 2032 had the highest positive SPI values (indicating wet conditions), while the 476 

years 2036 and 2037 had the lowest negative SPI values (indicating drought conditions). Under 477 

SSP1-2.6, 2032 with a mean SPI of approximately 0.40 and 2036 with a mean SPI of 478 

approximately -0.25 were the wettest and driest years, respectively. Under SSP5-8.5, 2032 with a 479 

mean SPI of approximately 0.50 and 2036 with a mean SPI of approximately -0.30 were the wettest 480 

and driest years, respectively. This pattern indicates that in both scenarios, 2032 is projected as a 481 

high-precipitation year and 2036 as a low-precipitation year, but the intensity of these events is 482 

greater under the more pessimistic scenario. 483 

Based on a detailed analysis of SPI-3 data, the Karkheh Hydrosystem is not expected to experience 484 

severe droughts over the three-month period; all droughts are projected to be mild. However, 485 

drought conditions are anticipated in approximately 42% of the months (about five months per 486 

year), highlighting the need for sustainable water resource management and planning to address 487 

short-term droughts. Under the pessimistic SSP585 scenario, despite greater fluctuations and more 488 

intense wet events, the number of dry months decreases, potentially posing fewer challenges for 489 

agricultural and drinking water supplies. However, this scenario increases the risk of floods and 490 

extreme precipitation events. Conversely, the optimistic SSP126 scenario, characterized by lower 491 



fluctuations but more dry months, implies a higher likelihood of recurrent droughts and prolonged 492 

water stress. Therefore, it is essential to plan for both types of extreme events floods and droughts 493 

simultaneously, as decisions cannot rely solely on climate scenarios. Given that over 57% of 494 

months are expected to have normal to wet conditions, there is a favorable opportunity for water 495 

storage during wet periods and consumption management during dry periods, which can 496 

significantly reduce the vulnerability of the Karkheh Hydrosystem to climatic fluctuations. 497 

 498 
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 500 

 501 

Figure 8. Temporal (annual–monthly) distribution of SPI-3 under SSP126 and SSP585 scenarios 502 



SPI-6 drought forecasting 503 

Based on the data from Figures 9 and 10, the mean SPI-6 under the optimistic SSP1-2.6 scenario 504 

is 0.186, while under the pessimistic SSP5-8.5 scenario, it is 0.193. Both values indicate normal 505 

climatic conditions with a tendency toward wetter conditions. These values have increased 506 

compared to the 3-month period, reflecting the positive effect of precipitation accumulation over 507 

longer time scales. The range of variation under SSP1-2.6 spans from -0.593 to +1.125, whereas 508 

under SSP5-8.5, it ranges from -0.879 to +1.388, indicating a wider fluctuation range in the 509 

pessimistic scenario. The differences of 0.286 units in the minimum and 0.263 units in the 510 

maximum demonstrate that the pessimistic scenario results in more intense extreme events on both 511 

the dry and wet ends. The standard deviation under SSP1-2.6 is 0.367, compared to 0.478 under 512 

SSP5-8.5, with a difference of 0.111 units, indicating greater variability and higher climatic 513 

instability in the pessimistic scenario. Under the SSP126 scenario, out of 268 months studied, 102 514 

months (38.1%) exhibited negative SPI values, indicating drought conditions, while 166 months 515 

(61.9%) showed positive or zero SPI values, corresponding to normal to wet conditions. Under the 516 

SSP585 scenario, 88 months (32.8%) experienced drought, and 180 months (67.2%) had normal 517 

or wet conditions. This difference of 5.3 percentage points reflects a notable reduction in drought 518 

occurrence in the pessimistic scenario compared to the optimistic one. In other words, with the 519 

increased variability under SSP585, more intense wet events have become more frequent, and the 520 

number of dry months has decreased substantially. Additionally, comparison with the 3-month 521 

aggregation period shows that drought percentages in both scenarios have declined (from 522 

approximately 42% to 38% and 33%, respectively), indicating improved precipitation conditions 523 

with longer aggregation periods. The analysis of different SPI classes reveals that, in both 524 

scenarios, drought occurs only in the mild category (SPI between 0 and -1). No cases of moderate 525 

drought (SPI between -1 and -1.5), severe drought (SPI between -1.5 and -2), or extreme drought 526 

(SPI less than -2) are observed. Notably, the Karkheh Hydrosystem, over the six-month period and 527 

under both climate scenarios, will not be affected by severe droughts; all droughts will be mild and 528 

manageable. Under SSP126, 38.1% of months experienced mild drought, while 61.9% were 529 

normal to wet. Under SSP585, 32.8% of months experienced mild drought, and 67.2% were 530 

normal to wet, indicating improved conditions even in the more pessimistic scenario. Under SSP1-531 

2.6, the highest positive SPI value occurred in April 2031, reaching +1.125, while the lowest 532 

negative SPI value was recorded in September 2034 at -0.593. Under SSP5-8.5, the highest 533 

positive SPI value occurred in March 2035, with a value of +1.388, and the lowest negative SPI 534 

value occurred in November 2032, at -0.879. These values indicate a more intense wet event in 535 

the pessimistic scenario (an increase of 0.263 units) and a more severe drought (an increase of 536 

0.286 units) compared to the optimistic scenario. Notably, in both scenarios, wet periods 537 

predominantly occur in spring and winter, whereas drought periods mainly occur in summer and 538 

autumn. Under SSP5-8.5, the years 2031 to 2035 experience a relatively prolonged wet period, 539 

with SPI values exceeding 1 in several months; this period is more intense than under SSP1-2.6, 540 

which has a maximum SPI of 1.125. Additionally, under SSP1-2.6, the years 2033 to 2034 541 

experience a mild drought period, with negative SPI values around -0.5. Annual data analysis 542 



reveals that, in both scenarios, the years 2031 and 2035 exhibited the highest positive SPI values 543 

(indicating wet conditions), while the years 2032 and 2036 showed the lowest negative SPI values 544 

(indicating drought conditions). Under SSP126, 2031 had the wettest conditions with a mean SPI 545 

of approximately 0.45, and 2034 was the driest year with a mean SPI of about -0.05. Under 546 

SSP585, 2035 was the wettest year with a mean SPI of around 0.55, and 2032 was the driest with 547 

a mean SPI near -0.10. This pattern suggests that the pessimistic scenario (SSP585), characterized 548 

by increased intensity of wet events in 2035, experiences wetter conditions overall, whereas the 549 

optimistic scenario (SSP126) exhibits relatively more balanced conditions. The overall trend in 550 

both scenarios indicates a gradual increase in SPI from 2026 to 2039, reflecting improving 551 

precipitation conditions throughout the study period (Figures 9). 552 

Based on a detailed analysis of SPI-6 data, the Karkheh Hydrosystem is not expected to experience 553 

severe droughts over the six-month period; all droughts are projected to be mild. The drought 554 

occurrence is approximately 38% under SSP1-2.6 and about 33% under SSP5-8.5, indicating a 555 

reduction in drought frequency compared to the three-month period. Although the pessimistic 556 

SSP5-8.5 scenario involves greater fluctuations and more intense wet events, it significantly 557 

reduces the number of dry months and may create more favorable conditions for agriculture and 558 

drinking water supply. However, it also increases the risk of floods and extreme precipitation 559 

events. Conversely, the optimistic SSP1-2.6 scenario, characterized by lower fluctuations and 560 

more dry months, entails a higher likelihood of recurrent droughts and prolonged water stress. 561 

Since approximately 62% to 67% of months exhibit normal to wet conditions, there is a favorable 562 

opportunity for water storage during wet periods and effective consumption management during 563 

dry periods. Furthermore, the significant reduction in drought occurrence over the six-month 564 

period compared to the three-month period suggests that using the SPI-6 index for medium-term 565 

water resource planning is more efficient, as it filters out short-term fluctuations and provides a 566 

more realistic representation of climatic conditions. Planning for both types of extreme events 567 

floods and droughts simultaneously is essential. The adoption of adaptive strategies and continuous 568 

monitoring of drought indices is recommended to mitigate risks associated with climate change. 569 



 570 
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 573 

Figure 10. Temporal (annual–monthly) distribution of SPI-6 under SSP126 and SSP585 574 

scenarios 575 

SPI-9 drought forecasting 576 

At a general glance, the trend of drought variations for SPI-9 is presented in Figure 11. The mean 577 

SPI-9 under the optimistic SSP1-2.6 scenario is 0.363, while under the pessimistic SSP5-8.5 578 

scenario, it is 0.370. This represents a considerable increase compared to the 3- and 6-month 579 

periods and indicates wetter conditions in the Karkheh Hydrosystem over longer time scales. This 580 



increase in the mean suggests that the accumulation of precipitation over nine months has 581 

amplified the positive effects of seasonal rainfall, shifting normal conditions toward mild wetness. 582 

The difference of 0.007 units between the two scenarios remains negligible; however, the range of 583 

variation under SSP1-2.6 spans from -0.725 to +1.679, whereas under SSP5-8.5, it ranges from -584 

1.124 to +1.951. This indicates a notable expansion of the fluctuation range in the pessimistic 585 

scenario. The differences of 0.399 units in the minimum and 0.272 units in the maximum 586 

demonstrate that the pessimistic scenario brings more intense extreme events on both the dry and 587 

wet sides. The standard deviation under SSP1-2.6 is 0.423, compared to 0.588 under SSP5-8.5, 588 

with a difference of 0.165 units, indicating much greater variability and higher climatic instability 589 

in the pessimistic scenario compared to the shorter time scales (Figure 12). Percentages reveals 590 

that under the SSP126 scenario, out of 268 months studied, 54 months (20.2%) exhibited negative 591 

SPI values indicative of drought conditions, while 214 months (79.8%) showed positive or zero 592 

SPI values, representing normal to wet conditions. In contrast, under the SSP585 scenario, 68 593 

months (25.6%) experienced drought, and 200 months (74.4%) had normal or wet conditions. This 594 

5.4 percentage point increase indicates a significant rise in drought occurrence under the 595 

pessimistic scenario compared to the optimistic one, which contrasts with the trends observed over 596 

the 3- and 6-month periods. In other words, over the 9-month scale, the pessimistic scenario with 597 

increased drought intensity during certain periods has led to a higher number of dry months. 598 

Comparisons with shorter time scales show that drought percentages in both scenarios have 599 

decreased sharply (from approximately 42% in SPI-3 to about 20–25% in SPI-9), reflecting a 600 

substantial improvement in precipitation conditions with longer aggregation periods. The analysis 601 

of different SPI classes reveals that under the SSP126 scenario, all droughts are classified as mild 602 

(SPI between 0 and -1), with no occurrences of moderate or severe drought. In contrast, under the 603 

SSP585 scenario, in addition to mild droughts (24.4%), there were 2 months (1.2%) of moderate 604 

drought (SPI between -1 and -1.5), indicating an intensification of drought conditions in the 605 

pessimistic scenario. Notably, over the 9-month period, the Karkheh Hydrosystem under the 606 

optimistic scenario is completely free from moderate drought, whereas under the pessimistic 607 

scenario, low-intensity moderate drought does occur. Specifically, under SSP126, 20.2% of 608 

months experienced mild drought and 79.8% were normal to wet; under SSP585, 24.4% 609 

experienced mild drought, 1.2% moderate drought, and 74.4% were normal to wet. Under SSP1-610 

2.6, the highest positive SPI value occurred in July 2039, reaching +1.679, while the lowest 611 

negative SPI value was recorded in March 2037 at -0.725. Under SSP5-8.5, the highest positive 612 

SPI value occurred in June 2035, with a value of +1.951, and the lowest negative SPI value 613 

occurred in August 2037, at -1.124. These values indicate a more intense wet event in the 614 

pessimistic scenario (an increase of 0.272 units) and a more severe drought (an increase of 0.399 615 

units) compared to the optimistic scenario. Notably, under SSP5-8.5, the years 2035 to 2039 616 

experience a very intense wet period, with SPI values exceeding 1.5 in several months (including 617 

June 2035 with an SPI of 1.95 and July 2039 with an SPI of 1.68), whereas under SSP1-2.6, this 618 

period exhibits lower intensity. Additionally, in both scenarios, the years 2036 and 2037 619 

experience a mild to moderate drought period, with intensity reaching -1.12 under SSP5-8.5, 620 



compared to a limit of -0.72 under SSP1-2.6 (Figure 12). Annual analysis of the data reveals that, 621 

in both scenarios, the years 2035 and 2039 exhibited the highest positive SPI values (indicating 622 

wet conditions), while the years 2036 and 2037 showed the lowest negative SPI values (indicating 623 

drought conditions). Under SSP126, 2039 was the wettest year with a mean SPI of approximately 624 

0.70, and 2037 was the driest year with a mean SPI of about -0.10. Under SSP585, 2035 was the 625 

wettest year with a mean SPI of around 0.80, and 2037 was the driest year with a mean SPI of 626 

approximately -0.30. This pattern suggests that the pessimistic scenario experiences more intense 627 

wet events during 2035–2039, resulting in wetter conditions overall; however, the drought in 2037 628 

is also more severe. The overall trend in both scenarios indicates a gradual increase in SPI from 629 

2026 to 2039, reflecting a significant improvement in precipitation conditions over the study 630 

period, with this improvement being more pronounced under the pessimistic scenario. 631 

Based on a detailed analysis of SPI-9 data, the Karkheh Hydrosystem over the nine-month period 632 

is predominantly characterized by normal to wet conditions, with droughts occurring mainly as 633 

mild events. The drought percentage under SSP1-2.6 is approximately 20%, while under SSP5-634 

8.5 it is about 26%, indicating a significant reduction in drought frequency compared to the 3- and 635 

6-month periods. However, in the pessimistic scenario, two months of moderate drought occur, 636 

suggesting an increased risk of more severe drought over longer time scales. Despite greater 637 

fluctuations and more intense wet events, the pessimistic SSP5-8.5 scenario actually increases the 638 

number of dry months and introduces moderate drought, potentially posing greater challenges for 639 

agricultural production and drinking water supply. In contrast, the optimistic SSP1-2.6 scenario, 640 

characterized by lower fluctuations and only mild drought, offers more stable conditions for water 641 

resource management. Given that approximately 75% to 80% of months experience normal to wet 642 

conditions, there is a favorable opportunity for water storage during wet periods and effective 643 

consumption management during dry periods. Moreover, due to the significant reduction in 644 

drought severity over the nine-month period compared to shorter time scales, using the SPI-9 index 645 

for long-term water resource planning is the most effective approach. This index effectively filters 646 

out seasonal fluctuations and provides a more accurate representation of climatic trends. Planning 647 

for both types of extreme events floods and droughts simultaneously is essential. Given the 648 

emergence of moderate drought conditions in the pessimistic scenario, special attention to drought 649 

management during critical periods is strongly recommended. 650 



 651 

9 under SSP126 and SSP585 scenarios-Temporal trend of SPI. 11Figure  652 

 653 

Figure 12. Temporal (annual–monthly) distribution of SPI-9 under SSP126 and SSP585 654 

scenarios 655 

SPI-12 drought forecasting 656 

The mean SPI-12 under the optimistic SSP1-2.6 scenario is 0.597, while under the pessimistic 657 

SSP5-8.5 scenario it is 0.617. This represents a considerable increase compared to shorter time 658 

scales (3, 6, and 9 months) and is the highest mean among all periods. This increase indicates that 659 

the Karkheh Hydrosystem experiences wetter conditions over longer time scales, as the positive 660 

effects of seasonal precipitation accumulate over the course of a year (Figure 13). The difference 661 



of 0.020 units between the two scenarios suggests slightly wetter conditions in the pessimistic 662 

scenario, although this difference is negligible. However, the range of variation under SSP1-2.6 663 

spans from -0.934 to +1.891, while under SSP5-8.5 it ranges from -1.791 to +2.778, indicating a 664 

substantial expansion of the fluctuation range in the pessimistic scenario. The differences of 0.857 665 

units in the minimum and 0.887 units in the maximum represent the largest disparities among all 666 

time scales, showing that over the 12-month period, the pessimistic scenario results in much more 667 

intense extreme events on both the dry and wet ends. The standard deviation under SSP1-2.6 is 668 

0.558, compared to 0.749 under SSP5-8.5, with a difference of 0.191 units. This indicates the 669 

highest variability among all periods and reflects severe climatic instability in the pessimistic 670 

scenario (Figure 14). Under the SSP126 scenario, out of 268 months studied, 38 months (14.3%) 671 

exhibited negative SPI values, indicating drought conditions, while 230 months (85.7%) showed 672 

positive or zero SPI values, corresponding to normal to wet conditions. Under the SSP585 673 

scenario, 35 months (13.1%) experienced drought, and 233 months (86.9%) had normal or wet 674 

conditions. This difference of 1.2 percentage points suggests a slight reduction in drought 675 

occurrence in the pessimistic scenario compared to the optimistic one, consistent with the 3- and 676 

6-month periods but differing from the 9-month period. Comparison with previous time scales 677 

reveals that drought percentages in both scenarios have reached their lowest levels (approximately 678 

42% in SPI-3 to about 13–14% in SPI-12), reflecting a significant improvement in precipitation 679 

conditions with longer aggregation periods (Figure 14). An examination of different SPI classes 680 

reveals fundamental differences between the two scenarios. Under the SSP126 scenario, all 681 

droughts fall within the mild category (SPI between 0 and -1), with 14.3% of months experiencing 682 

mild drought and 85.7% classified as normal to wet. No cases of moderate, severe, or extreme 683 

drought are observed. In contrast, under the SSP585 scenario, the distribution is as follows: 86.9% 684 

normal to wet, 8.9% mild drought, 3.6% moderate drought (SPI between -1 and -1.5), and 0.6% 685 

severe drought (SPI between -1.5 and -2). This distribution indicates that over the 12-month period, 686 

the pessimistic scenario not only includes moderate drought (6 months) but also severe drought (1 687 

month), reflecting a significant increase in the risk of severe droughts over longer time scales. 688 

Meanwhile, the optimistic scenario remains entirely free of moderate and severe drought (Figure 689 

14). Examination of the SPI-12 time series reveals distinct patterns and long-term fluctuations. 690 

Under SSP1-2.6, the highest positive SPI value occurred in December 2031, reaching +1.891, 691 

while the lowest negative SPI value was recorded in July 2037 at -0.934. Under SSP5-8.5, the 692 

highest positive SPI value occurred in March 2035, with a value of +2.778, and the lowest negative 693 

SPI value was in July 2037, at -1.791. These values indicate a significantly more intense wet event 694 

in the pessimistic scenario (an increase of 0.887 units) and a more severe drought (an increase of 695 

0.857 units) compared to the optimistic scenario. Notably, under SSP5-8.5, the years 2034 to 2036 696 

experience an extremely severe wet period, with SPI values exceeding 2 in several months 697 

(including March 2035 with an SPI of 2.78 and December 2034 with an SPI of 2.49), whereas 698 

under SSP1-2.6, this period shows a maximum SPI of 1.89. Additionally, in both scenarios, the 699 

years 2037 and 2038 experience a relatively severe drought period, with intensity reaching -1.79 700 

under SSP5-8.5 (severe drought) and limited to -0.93 under SSP1-2.6 (mild drought) (Figure 14). 701 



Annual data analysis reveals that, in both scenarios, the years 2031 and 2035 exhibited the highest 702 

positive SPI values (indicating wet conditions), while the years 2037 and 2038 showed the lowest 703 

negative SPI values (indicating drought conditions). Under SSP126, 2031 had the wettest 704 

conditions with a mean SPI of approximately 0.90, and 2037 was the driest year with a mean SPI 705 

of about -0.30. Under SSP585, 2035 was the wettest year with a mean SPI of around 1.40, and 706 

2037 was the driest with a mean SPI near -0.70. This pattern suggests that the pessimistic scenario, 707 

characterized by increased wet event intensity during 2034–2036, experiences significantly wetter 708 

conditions; however, the drought in 2037 is also considerably more severe, reaching the severe 709 

drought category. The overall trend in both scenarios indicates a gradual increase in SPI from 2026 710 

to 2039, reflecting a substantial improvement in precipitation conditions over the study period. 711 

Nevertheless, this trend is accompanied by more intense fluctuations in the pessimistic scenario 712 

(Figure 14). 713 

Final Conclusion and Management Implications: Based on a detailed analysis of SPI-12 data, the 714 

Karkheh Hydrosystem over the twelve-month period is predominantly characterized by normal to 715 

wet conditions. In the optimistic scenario, droughts are only mild, whereas in the pessimistic 716 

scenario, moderate droughts (lasting six months) and severe droughts (lasting one month) also 717 

occur. The drought percentage in both scenarios has reached its lowest level (approximately 13–718 

14%), indicating a significant improvement in precipitation conditions over longer time scales. 719 

The pessimistic SSP585 scenario, despite exhibiting intense fluctuations and extreme wet events 720 

(SPI above 2), slightly reduces the number of dry months but introduces moderate and severe 721 

droughts, which is highly significant from a management perspective. This finding suggests that 722 

climate change under the pessimistic scenario not only dramatically increases the intensity of wet 723 

periods but also raises the risk of severe droughts. In contrast, the optimistic SSP126 scenario, 724 

characterized by lower fluctuations and only mild droughts, offers more stable conditions for water 725 

resource management and minimizes the risk of extreme events. Given that approximately 85% to 726 

87% of months experience normal to wet conditions, there is a favorable opportunity for water 727 

storage during wet periods and consumption management during dry periods. The use of the SPI-728 

12 index for long-term and strategic water resource planning is considered the most efficient 729 

approach, as it eliminates seasonal fluctuations and provides a realistic picture of climatic trends. 730 

Considering the emergence of severe droughts in the pessimistic scenario, special attention to 731 

drought management during critical periods and the design of early warning systems to cope with 732 

extreme events are essential. Furthermore, planning for both types of extreme events extreme 733 

floods and severe droughts simultaneously, while accounting for existing uncertainties, is 734 

recommended to reduce the vulnerability of the Karkheh Hydrosystem to climate change. 735 
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 738 

Figure 14. Temporal (annual–monthly) distribution of SPI-12 under SSP126 and SSP585 739 

scenarios 740 

Conclusion 741 

Accurate drought forecasting is critically important as one of the fundamental challenges in water 742 

resources management, especially in semi-arid regions such as the Karkheh Hydrosystem. This 743 

study aimed to evaluate the performance of five machine learning models Gaussian Process 744 

Regression (GPR), XGBoost, Support Vector Machine (SVM), Multilayer Perceptron (MLP), and 745 

Random Forest and to analyze drought forecasts under two climate scenarios, SSP126 and SSP585, 746 



for the period 2026–2039. The results indicated that the GPR model, which provided the highest 747 

accuracy and lowest error across all time scales, was the best-performing model. Additionally, the 748 

6-month time scale, which yielded the highest accuracy across all models, was identified as the 749 

optimal scale for drought forecasting. Analysis of the Standardized Precipitation Index (SPI) 750 

forecasts revealed that as the time scale increases, the percentage of drought decreases and 751 

conditions tend toward wetter periods. However, the intensity of extreme events under the 752 

pessimistic SSP585 scenario is significantly greater than under the optimistic SSP126 scenario. 753 

For example, at the 12-month scale, the SSP585 scenario leads to severe drought, whereas the 754 

SSP126 scenario experiences only mild drought. Overall, the optimistic SSP126 scenario, 755 

characterized by lower fluctuations and mild drought, provides more stable conditions for water 756 

resources management. In contrast, the pessimistic SSP585 scenario, with an increase in extreme 757 

events, necessitates integrated planning to address both floods and droughts simultaneously. Based 758 

on these findings, the use of the GPR model and the 6-month time scale is recommended as the 759 

primary drought forecasting tool for medium-term water resources planning in the Karkheh 760 

Hydrosystem. Designing an early drought warning system based on this model can facilitate timely 761 

notifications to managers and stakeholders. Furthermore, developing water consumption 762 

management programs during dry periods and enhancing water storage during wet periods guided 763 

by SPI forecasts and with particular attention to the pessimistic scenario in long-term planning is 764 

essential to mitigate severe droughts and sudden floods. For future research, it is suggested to 765 

incorporate complementary climatic variables such as temperature, evapotranspiration, soil 766 

moisture, and runoff alongside precipitation to improve forecasting accuracy. Employing 767 

ensemble approaches and multi-modeling techniques can help reduce uncertainty. Additionally, 768 

the use of deep neural networks and transfer learning is recommended to enhance long-term 769 

forecasts. Investigating the impacts of land-use changes and population growth on water demand 770 

and drought intensification, as well as evaluating the performance of the GPR model in other 771 

watersheds with different climates to assess the generalizability of the results, are also advised. 772 

Moreover, examining the influence of large-scale climatic phenomena such as the El Niño–773 

Southern Oscillation (ENSO) and the North Atlantic Oscillation (NAO) on drought in the Karkheh 774 

Hydrosystem, along with conducting socio-economic studies to assess drought impacts and 775 

evaluate the cost-benefit of management measures, can contribute to improving drought mitigation 776 

strategies. Implementing these recommendations will significantly enhance sustainable water 777 

resources management in the Karkheh Hydrosystem and reduce vulnerability to climate change. 778 

Limitations 779 

Despite the valuable findings of this study, several limitations should be considered. One of the 780 

most significant limitations is the exclusive use of precipitation data to calculate the SPI index. 781 

Complementary climatic variables such as temperature, evapotranspiration, and soil moisture also 782 

significantly influence the severity and duration of droughts. Their exclusion from the modeling 783 

results in an incomplete representation of climatic conditions. Additionally, the limited number of 784 

synoptic stations (only three) in the Karkheh Hydrosystem does not adequately capture the spatial 785 

variability of precipitation, making it uncertain to generalize the results across the entire basin. 786 



Moreover, although four CMIP6 models were used, incorporating a larger number of climate 787 

models or employing multi-model ensemble approaches could have reduced the uncertainty, as 788 

each climate model has distinct strengths and weaknesses. Despite these limitations, the study’s 789 

results provide a valuable foundation for water resource management and drought mitigation 790 

planning in the Karkheh Hydrosystem and offer useful guidance for future research in this field. 791 
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