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Extended abstract

Introduction

Qanats are traditional and sustainable groundwater systems that play an
important role in water supply and agriculture in arid and semi-arid regions
of Iran. However, drought, climate variability, and increasing pressure on
groundwater resources have affected qanat discharge, making accurate
discharge estimation important for sustainable water management. This
study aimed to evaluate the performance of the Random Forest (RF)
algorithm for estimating qanat discharge in the Qaen Plain, South Khorasan
Province, and to identify the most influential variables using SHAP and
Permutation Importance.

Materials and Methods

A 12-year dataset (2007-2018) consisting of monthly qanat discharge,
precipitation, mean temperature, and elevation was used. After data
preprocessing, including normalization, outlier removal, and imputation of
missing values, 438 records were retained. The data were divided
chronologically into 70% training and 30% testing datasets.
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The RF model was optimized using grid search and five-fold cross-validation. The optimal model
included 500 trees, a maximum depth of 10, a maximum feature ratio of 0.5, and a minimum of five
samples for node splitting. Model performance was evaluated using RMSE, NSE, KGE, Pearson
correlation coefficient (r), and NRMSE. SHAP and Permutation Importance were applied to determine the
contribution of the input variables.

Results and Discussion

The RF model showed satisfactory performance on the testing dataset, with RMSE = 4.27 L/s, NSE =
0.54, KGE = 0.51, r = 0.76, and NRMSE = 15.19%. The relatively small difference between training and
testing performance indicated that severe overfitting did not occur. Both SHAP and Permutation
Importance identified elevation as the most important predictor of qanat discharge, followed by
temperature and precipitation. The mean SHAP values for elevation, temperature, and precipitation were
approximately 2.16, 0.55, and 0.44, respectively. The dominant role of elevation can be related to its
influence on groundwater recharge and hydraulic conditions. The relatively weak negative contribution of
precipitation may be associated with delayed groundwater responses to rainfall, which was not explicitly
considered in the model.

Conclusion

The results demonstrate that the Random Forest algorithm can provide an effective approach for
estimating qanat discharge in arid and semi-arid regions. The model achieved acceptable predictive
accuracy and successfully identified elevation as the most influential variable. Integrating RF with
explainable methods such as SHAP and Permutation Importance can provide both accurate predictions
and useful information for understanding the factors controlling qanat discharge. The proposed approach
can support sustainable groundwater management, drought preparedness, and improved planning of qanat
water resources in Qaen Plain and similar dryland regions.
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RandomForest - Effect of max_depth on RMSE (this model only)
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Fig 2. Effect of max_depth on RMSE
RandomForest - Effect of max features on RMSE (this model only)
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RandomForest - Partial Dependence (2D): elevation vs Temp
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