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April 25, 2025 were employed to estimate missing daily streamflow data for the Karkheh River in

southwestern Iran. To estimate the missing data at Abdolkhan and Paye-Pol
stations, the daily flow data from the Hamidiyeh hydrometric station, as a
neighboring station, was analyzed over a 40-year period. Hyperparameter
optimization for these algorithms was carried out using the Optuna method. A
thorough comparison of model performance showed that the Xgboost algorithm,
Keywords: by learning complex nonlinear relationships, provided the highest estimation
Estimation of missing accuracy. The results revealed that at Abdolkhan and Paye-Pol stations, Xgboost
data, Extreme Gradient achieved the highest efficiency, with the highest coefficient of determination (R?)

Boosting, Ensemble values of 0.95 and 0.78, the lowest mean absolute error (MAE) values of 18.76 and
Iearn!ng, Machine 36.45, the lowest root mean square error (RMSE) values of 43.75 and 108.87, and
learning, Optuna the lowest relative root mean square error (RRMSE) values of 0.20 and 0.46,

respectively. Furthermore, Taylor diagrams confirmed the superiority of the
Xgboost model at both stations. These findings highlight the ability of Xgboost to
overcome spatial distance challenges and handle limited data effectively. The
Catboost model achieved second place among the evaluated models, with 11% and
5% lower accuracy compared to the Xgboost model at the Abdolkhan and Paye-
Pol stations, respectively. The results of this study can be valuable for estimating
missing flow data at other stations of this river and play a significant role in the
effective management of water resources.

1. Introduction

Recent research has increasingly focused on accurately predicting river flow using various methods to
optimize water resources systems and facilitate planning activities. However, a significant portion of
river basins in Iran and many developing countries lack hydrometric stations. Missing data poses
significant challenges to effective water resources planning and management (Sharma and Yuden.,
2021).

Khampuengson and Wang (2023) have argued that missing data can lead to inaccurate analysis or
even false alarms. Therefore, identifying and correcting missing values as accurately as possible is
crucial.

With recent advancements, machine learning techniques and artificial intelligence-based methods
have been employed in various fields to assist humans (Boustani et al., 2025; Sharififard et al., 2024).
By learning from observations and input data, these models can predict new or missing data (Luna et
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al.,, 2020). Many researchers agree that machine learning-based methods are best suited for
reconstructing missing values and typically lead to significant improvements in prediction accuracy
compared to traditional statistical approaches (Krysanova & White, 2015; Minns & Hall, 1996; Varga
etal., 2016).

2. Materials and Methods

In this research, capabilities of nine machine learning and ensemble learning models, including
Xgboost, Cathoost, Extra Trees, Random Forest, ANN-MLP, K-Neighbors, CART decision tree, SVR,
and M5 decision tree, are investigated for the imputation of missing data at two hydrometric stations:
Abdolkhan and Paye-Pol. Additionally, the optimal hyperparameters of these models for river flow
estimation are tuned using Optuna, and the best model structures are determined. Subsequently, their
performance is evaluated using statistical and visual indices.

To facilitate model training and evaluation, the dataset was partitioned into training and testing subsets.
Specifically, 70% of the data was allocated for model training, while the remaining 30% was reserved
for testing. The selection of training and testing data was performed using Python's scikit-learn library.
Python, a versatile programming language with a rich libraries and tools, was employed for all data
processing and modeling tasks in this study.

3. Discussion and Conclusion

To estimate missing flow data at Abdolkhan and Paye-Pol hydrometric stations, observed flow data
from the neighboring Hamidiyeh station was utilized as a feature in the training dataset. After feature
selection and hyperparameter tuning, the performance of various models was compared for estimating
missing river flow data at both stations.

For Abdolkhan station, during the training phase, the Mean Absolute Error (MAE) values for Catboost,
Xgboost, Random Forest, Extra Trees, M5 decision tree, CART decision tree, K-NN, MLP, and SVR
were 7.936, 11.09, 10.233, 12.977, 19.319, 19.265, 20.677, 25.828, and 25.380, respectively.

The Root Mean Squared Error (RMSE) for the aforementioned algorithms was calculated as 12.98,
18.21, 31.56, 31.85, 49.95, 54.73, 58.93, 65.55, and 74.77, respectively. The Relative Root Mean
Squared Error (RRMSE) was correspondingly calculated as 0.06, 0.08, 0.15, 0.15, 0.24, 0.26, 0.28,
0.32, and 0.36. The R-squared values were 0.99, 0.99, 0.97, 0.97, 0.93, 0.92, 0.91, 0.89, and 0.86,
respectively.

Similarly, during the training phase for Paye-Pol station, the MAE values for Xgboost, Catboost, Extra
Trees, Random Forest, M5, K-NN, Decision Tree, MLP, and SVR were 17.64, 25.04, 28.63, 25.56,
38.74, 40.13, 40.39, and 39.23, respectively.

The Root Mean Squared Error (RMSE) for the aforementioned algorithms was calculated as 31.67,
61.11, 88.30, 90.86, 123.75, 125.96, 126.19, 126.27, and 130.67, respectively. The R-squared values
were correspondingly calculated as 0.98, 0.92, 0.85, 0.84, 0.72, 0.71, 0.70, 0.70, and 0.68, respectively.
Based on the evaluation metrics during the training phase, accuracy of the algorithms used for both
hydrometric stations deemed acceptable. To select the best algorithm, new data was used for the testing
phase. In the testing phase, the results were evaluated using MAE, RMSE, RRMSE, R2, and Taylor
diagrams. Results indicated that the Xgboost model, with the lowest MAE of 18.76 and the highest R2
of 0.95, performed the best among the models for estimating daily flow in the Karkheh River at the
Abdolkhan hydrometric station.

At Paye- Pol station, the Catboost model exhibited a strong performance in estimating missing data,
following closely behind the Xgboost model. The remaining models demonstrated moderate
performance. Conversely, the SVR model consistently showed the poorest performance at both the
Abdolkhan and Paye-Pol stations. At Abdolkhan, SVR yielded R2, RRMSE, RMSE, and MAE values
of 0.84, 0.39, 82.93, and 27.04, respectively. At Paye-Pol, these values deteriorated to 0.70, 0.54,
127.41, and 38.52, respectively, underscoring its inferior performance compared to Catboost, Xgboost,
Random Forest, Extra Trees, M5 decision tree, CART decision tree, K-NN, and MLP.

Based on the results, application of data mining techniques for estimating daily river flow data,
especially in developing countries with limited access to hydrological data, can be highly beneficial for
implementing effective management strategies that mitigate the negative impacts of extreme events.
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Results

The most significant findings of this research are as follows:

1. Inboth Abdolkhan and Paye-Pol hydrometric stations, ensemble learning models exhibited
higher accuracy compared to machine learning models.

2. Even though Paye-Pol station is located at significant distance from the neighboring
Hamidiyeh station, the Xgboost model demonstrated remarkable ability to accurately
estimate missing daily river flow data, outperforming models such as Catboost, Extra Trees,
Random Forest, M5, MLP, K-NN, Decision Tree, CART, and SVR.

3. Although the Abdolkhan station had a larger proportion of missing data, the models
performed more accurately at this station compared to Paye-Pol station. The proximity of
the Abdolkhan station to the Hamidiyeh hydrometric station is believed to be a contributing
factor to this result.

4. When compared to the Xgboost model, the Catboost model exhibited a 11% and 5%
decrease in accuracy at the Abdolkhan and Paye-Pol stations, respectively, ranking second
among the evaluated models.

5. Based on evaluation metrics such as MAE, RMSE, RRMSE, R?, and Taylor diagrams, the
SVR model exhibited the poorest performance among the nine models assessed.

6. Ensemble learning models can overcome the limitations of individual methods, such as
Support Vector Regression, leading to improved accuracy in river flow estimation.

7. Models based on boosting techniques have demonstrated the ability to effectively address
spatial distance challenges and manage limited data.

8. Application of the Optuna optimization method for hyperparameter tuning of machine
learning models has significantly enhanced model performance.
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