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Abstract: Precipitation forecasting in arid and semi-arid regions is challenging due to temporal variability,
spatial heterogeneity, nonlinearity, and data uncertainty. This study evaluates the effects of outlier detection,
missing value imputation, and machine learning models on precipitation forecasting across three semi-arid
Iranian basins: Gavkhuni, Siahkooh, and Ghareh Ghom. A 24-year (2000-2024) ERAS5 precipitation time
series was extracted using Google Earth Engine, with 2000-2022 for training and 2023-2024 for testing.
Median Absolute Deviation (MAD) and Isolation Forest were combined with k-Nearest Neighbors (kNN),
Singular Spectrum Analysis (SSA), Random Forest (RF), and XGBoost. Performance was assessed using
Kling—Gupta Efficiency (KGE). MAD (mean KGE = 0.525) outperformed Isolation Forest (= 0.467), KNN
(=0.503) slightly exceeded SSA (= 0/49), and RF (= 0.510) was more robust than XGBoost (= 0.482). MAD,
SSA, and XGBoost reached KGE ~ 0.74 in Gavkhuni, while preprocessing substantially improved
performance in Siahkooh. No configuration was universally optimal, highlighting basin-specific
preprocessing and model selection.

Keyword: Mashine Learning, ERAS, Preprocess Data, Outlie

Introduction:Precipitation plays a fundamental role in sustaining human settlements in arid and semi-arid regions.
However, rainfall exhibits temporal variability, spatial heterogeneity, and uncertainty, leaving limited tolerance for
forecasting errors. Reliable forecasting supports flood preparedness, drought mitigation, irrigation planning, and
agricultural sustainability (Kanani et al., 2023; Kundu et al., 2023).

Precipitation forecasting remains challenging because of atmospheric complexity and the influence of topographic,
hydrological, and climatic factors. Dryland rainfall processes are highly nonlinear, while hydrological systems are non-
stationary under climate change and anthropogenic pressures. Limited access to long-term, high-quality observations,
particularly in developing countries, further constrains model reliability. Traditional approaches, including linear
regression, ARIMA, and the Mann—Kendall test, often struggle to capture nonlinear dynamics and long-term
dependencies associated with climate oscillations such as ENSO and 10D (Jabari et al., 2026; Patel et al., 2023; Sesethu
& Piotr, 2022).

Machine learning (ML) provides a data-driven alternative for modeling complex nonlinear relationships. Algorithms
such as Random Forest (RF), XGBoost, Support Vector Regression, and Multi-Layer Perceptron have shown
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promising predictive performance. RF provides robustness against noise and overfitting, whereas XGBoost is effective
for high-dimensional nonlinear datasets (Ghosh et al., 2023; Kanani et al., 2023).

Previous studies have focused mainly on humid regions and limited gauge networks, while systematic comparisons of
RF and XGBoost under different preprocessing scenarios in highly variable semi-arid environments remain scarce
(Adam et al., 2025; Jumadi et al., 2025). Therefore, this study evaluates precipitation prediction using remote sensing-
based data and advanced ML models in arid and semi-arid regions.

Methodology: Precipitation data were obtained from the ECMWF ERAS reanalysis acquired using Google Earth
Engine. Data were spatially aggregated at the basin scale and organized as continuous time series. Outliers were
identified using Median Absolute Deviation (MAD) and Isolation Forest, while an unprocessed dataset (Non) was
retained as a baseline. MAD provides robust deviation-based detection, whereas Isolation Forest identifies rare
observations through recursive partitioning.

Removed values were reconstructed using k-Nearest Neighbors (kNN) and Singular Spectrum Analysis (SSA). kKNN
estimates missing values from neighboring observations, while SSA decomposes time series into trend, oscillatory
components, and noise for reconstruction. Combining outlier detection and imputation methods generated multiple
corrected datasets.

Both corrected and Non datasets were modeled using Random Forest (RF) and Extreme Gradient Boosting (XGBoost).
Training used 1999-2022 data, with 2023-2024 reserved for independent testing. Hyperparameters were optimized
using Grid Search (Table 1). All procedures were implemented in Python using Visual Studio Code. Model
performance was evaluated using Kling—Gupta Efficiency (KGE), which integrates correlation, bias, and variability

(Eq. (1)).

The study covered three semi-arid Iranian basins: Gavkhuni and Siahkooh in central Iran and Ghareh Ghom in eastern
Iran. These basins exhibit low precipitation, irregular rainfall distribution, and high temporal variability. Gavkhuni
experiences substantial surface and groundwater depletion; Siahkooh has complex topography and heterogeneous
rainfall; and Ghareh Ghom is characterized by severe water scarcity and pronounced interannual variability. Their
climatic fragility and heterogeneous rainfall regimes provide suitable testbeds for evaluating preprocessing and ML-
based precipitation modeling using long-term remotely sensed datasets.

Results and Discussion: This study evaluated the combined effects of outlier detection, missing value imputation, and
machine learning models on precipitation simulation performance using the Kling—-Gupta Efficiency (KGE) metric.
Results demonstrate that model performance was highly sensitive to preprocessing quality, and inappropriate outlier
removal or imputation could substantially reduce predictive accuracy.

Across all basins and scenarios, MAD outperformed Isolation Forest, achieving a mean KGE of 0.525 versus 0.467,
indicating greater robustness for hydrological time series. For missing-value reconstruction, kNN slightly exceeded
SSA, with mean KGE values of 0.503 and 0.490, respectively. Among ML models, Random Forest (RF) achieved a
higher overall mean KGE (0.510) than XGBoost (0.482), suggesting greater stability under heterogencous and
uncertain conditions.

Basin-specific results showed substantial differences. Gavkhuni exhibited the highest overall performance. For RF,
combinations of MAD or Isolation Forest with kNN or SSA produced KGE values of 0.63-0.68, while the Non
scenario performed considerably worse. The best result in the study was obtained by XGBoost + MAD + SSA, reaching
a KGE of approximately 0.741, demonstrating the benefits of combined outlier removal and imputation.

Ghareh Ghom showed lower performance and greater preprocessing sensitivity. The Non scenario yielded the lowest
KGE values for both models, whereas MAD combined with kNN or SSA increased KGE to approximately 0.49—0.51.
For XGBoost, MAD + SSA achieved the highest KGE (0.513), while Isolation Forest combinations were weaker.

Siahkooh showed the strongest dependence on preprocessing. Under the Non scenario, RF achieved only 0.06, whereas
XGBoost produced a negative KGE (—0.22). MAD + SSA increased performance to approximately 0.43—0.44. For RF,
MAD-based combinations yielded 0.416—0.434, while XGBoost achieved its best result with MAD + kNN (0.441).
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The weakest result was obtained using Isolation Forest + SSA (0.116).

Overall, interaction effects confirmed that no single preprocessing—model combination was universally optimal. The
results indicate that robust outlier detection, appropriate missing-value reconstruction, and model selection should be
adapted to basin-specific characteristics rather than applying a uniform strategy across heterogeneous semi-arid
environments.

Conclusions: This study demonstrates that data preprocessing, particularly outlier detection and missing value
imputation, is critical for improving hydrological simulation accuracy and, in heterogeneous basins with lower data
quality, may be essential for achieving acceptable performance. MAD provided more stable and reliable outlier
detection than Isolation Forest. Both kNN and SSA improved model performance, although kNN showed a slight
overall advantage, while the SSA—MAD combination produced particularly strong results. Random Forest
demonstrated greater overall robustness, whereas XGBoost, despite achieving the highest KGE in specific
combinations, was more sensitive to preprocessing choices. No single combination of outlier detection, imputation,
and machine learning model was optimal across all basins. Therefore, preprocessing and model selection should
consider basin-specific characteristics, including climate, flow regime, and data quality. Adapting these strategies to
local conditions can improve the reliability and applicability of machine learning models for hydrological simulation
and water resources management.

© 2024 University of Zabol, Zabol, Iran.
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5- List of symbols

r(-) Pearson correlation coefficient

a(-) Variability ratio

B(-) Bias ratio

0; (mm) Observed precipitation

P; (mm) Predicted precipitation

0 (mm) Mean observed precipitation
Standard deviation of observed

G (mm) precipitation

n(-) Number of observations
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