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Abstract

This study develops and evaluates a hybrid framework for monthly streamflow prediction
in the Kashkan River basin, combining a Random Forest (RF) model with a Genetic
Algorithm (GA) for selecting influential features. K-fold cross validation and a structured
sensitivity analysis were applied to examine the effects of removing key hydrometric

stations on prediction accuracy and uncertainty. The framework aims to enhance
predictions at the Kashkan-Afrine and Kashkan-Poldokhtar hydrometric stations. The
dataset includes observations from three hydrometric and nine meteorological stations.
The RF model, through ensemble averaging of multiple decision trees, effectively captures
complex patterns and nonlinear relationships while mitigating overfitting. Results indicate
that discharge from the Kakareza station exhibits a very high correlation (R?> = 0.97) with
downstream stations and plays a critical role in model performance. Its removal
substantially reduces predictive accuracy. When all features are included, R? reaches 0.91
and 0.95 for Kashkan-Poldokhtar and Kashkan-Afrine, respectively, with near-zero mean
prediction errors and low dispersion. Excluding Kakareza discharge lowers input
correlations to approximately 0.64 and decreases R? to 0.72 and 0.73, while RMSE and
MSE increase markedly. These findings highlight the importance of careful feature
selection and the inclusion of key hydrometric stations. Overall, the proposed hybrid RF—
GA framework demonstrates strong generalization capability and provides an effective
and reliable approach for streamflow prediction in data-scarce river basins.
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1. Introduction

Accurate streamflow prediction is vital for water management in semi-arid mountainous regions such as the
Zagros, where nonlinear hydrological processes limit traditional models (Beven, 2012). Artificial
intelligence and machine learning methods effectively capture these nonlinear relationships without detailed
physical assumptions (Solomatine and Ostfeld, 2008). Feature selection is essential to reduce overfitting in
correlated hydrological datasets (Guyon and Elisseeff, 2003), with Genetic Algorithms providing efficient
global optimization.

Hybrid GA-Random Forest models enhance prediction accuracy and robustness, as RF effectively captures
complex patterns and reduces variance, particularly in data-scarce basins (Cheng et al., 2006; Elshorbagy et
al., 2010; Cutler et al., 2007). While most Iranian studies focus on ANNs or physical models, few integrate
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RF with GA-based feature selection and k-fold validation. This study addresses this gap by developing a
hybrid RF-GA model using multi-source data, including Kakareza station discharge, to predict monthly
streamflow at Kashkan-Afrine and Kashkan-Poldokhtar stations, improving model stability, reducing
overfitting, and identifying key influencing variables.

2. Materials and Methods

The study was carried out in the Kashkan River basin (7,950 km?) in southwestern Iran within the Zagros
Mountains. Monthly hydro-meteorological data from three hydrometric and nine meteorological stations
covering December 1969 to September 2024 were used, resulting in 633 complete records. Inputs included
precipitation at time t and the previous three months, along with discharge from the Kakareza station, while
monthly discharges at Kashkan—Afrine and Kashkan—Poldokhtar stations were considered as outputs,
enabling multi-target downstream streamflow prediction. A Random Forest (RF) model was applied to
capture nonlinear relationships and reduce overfitting through ensemble learning, using 100 trees and out-
of-bag error estimation. Genetic Algorithm (GA) was employed for optimal feature selection based on a
multi-objective fitness function combining prediction error and feature number. Model performance was
evaluated using k-fold cross-validation and statistical criteria including R?, RMSE, MAE, and NSE. Feature
importance and model behavior were further analyzed using correlation analysis, SHAP values, and error
distribution metrics.

3. Results

The results demonstrated the critical role of the upstream Kakareza station in improving downstream
streamflow prediction. The hybrid RF—-GA model with k-fold validation achieved high accuracy, with test-
stage R? values of 0.91 for Kashkan—Poldokhtar and 0.95 for Kashkan—Afrine, accompanied by low errors
and stable predictions. SHAP analysis identified Kakareza discharge as the dominant predictor, while
precipitation and temporal variables contributed to capturing seasonal patterns. Error analyses showed
limited dispersion and few outliers, though peak flows exhibited higher uncertainty.

Excluding Kakareza discharge caused a marked performance decline, with test-stage R? dropping to 0.72—
0.73 and error dispersion increasing. SHAP results indicated greater reliance on weaker meteorological
predictors, leading to higher uncertainty. Overall, the findings highlight the essential role of upstream
discharge data in enhancing prediction accuracy, stability, and reliability for downstream streamflow
forecasting.

4. Discussion and Conclusion

This study highlighted the critical importance of high-quality upstream hydrometric data in river flow
prediction. Excluding such data markedly reduces model accuracy and stability. The hybrid RF-GA
framework effectively identifies key variables and enhances generalizability when input data represent basin
processes. Limitations include dependence on hydrometric data and challenges in predicting extreme events.
Future work could improve performance using satellite observations, deep learning, and climate scenario
simulations.
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