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Research Topic: Due to scarce in-situ soil moisture observations and coarse
reanalysis resolution, downscaling GLDAS surface soil moisture (SSM) using
machine learning is essential.

Objective: This study evaluates the performance of machine learning algorithms
for downscaling GLDAS SSM across Iran’s diverse climatic zones.

Method: In this study, Random Forest (RF), XGBoost, CatBoost, and LightGBM
algorithms were employed for downscaling process. Model inputs comprised
station-based climatic variables (minimum and maximum temperature,
precipitation, and evaporation) and spatial attributes on a monthly scale over a
31-year period. The models were trained using GLDAS surface soil moisture
values, producing downscaled soil moisture at a higher spatial resolution as
output. In-situ soil moisture observations were utilized exclusively for
independent validation. The dataset was partitioned into training (80%) and
testing (20%) sets based on a chronological order.

Results: CatBoost demonstrated a strong ability to capture nonlinear soil moisture
patterns, achieving coefficients of determination exceeding 0.73 across all
climatic zones considered in this study. Although model accuracy varied
depending on climatic characteristics and the spatial distribution of reference
data, CatBoost was identified as an efficient algorithm for soil moisture
prediction over the study area due to its high generalization capability and
satisfactory performance in independent national-scale validation (R? = 0.607,
RMSE =4.286, Bias = 2.131).

Conclusions: The findings indicate that machine learning frameworks,
particularly CatBoost, offer a reliable approach for downscaling GLDAS SSM.
Given its high generalization capability across varying hydro-climatic
conditions, CatBoost is recommended for enhancing drought monitoring and
water resource management in data-scarce regions.
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Introduction

Soil moisture is a pivotal variable in eco-hydrological processes. Despite its critical role in drought
monitoring, flood prediction, and agricultural productivity, the scarcity of in situ measurements and the
limited spatio-temporal coverage of monitoring stations have led researchers to rely on reanalysis
products, such as GLDAS. However, the coarse spatial resolution of GLDAS data (ranging from 0.25 to
1) remains a significant bottleneck for local-scale applications and precision water resource management.
To address this limitation, spatial downscaling has emerged as an essential tool. While machine learning
(ML) algorithms offer robust capabilities for capturing complex non-linear relationships between climatic
variables and soil moisture, their performance across Iran's diverse climatic zones requires rigorous
evaluation. This study addresses the challenge of model-based downscaling of GLDAS surface soil
moisture at a regional scale. The primary objective is to generate a high-resolution, refined version of
GLDAS data. By leveraging innovative ML algorithms, this research provides a scalable framework to
compensate for the lack of ground-based monitoring in many parts of Iran, offering a reliable substitute
for enhanced hydrological and agricultural decision-making.

Method

This study employs a model-based downscaling framework across Iran’s diverse climates to enhance the
spatial resolution of GLDAS surface soil moisture (0—10 cm). The methodology integrates three datasets:
station-based climatic variables (minimum and maximum air temperature, mean air temperature at 2 m,
precipitation, evaporation, solar radiation, and soil surface temperature) and spatial attributes on a
monthly scale over a 31-year period (1994-2024) from national stations, GLDAS soil moisture as the
target variable, and in-situ measurements reserved strictly for independent validation. Four machine
learning algorithms, namely Random Forest, XGBoost, CatBoost, and LightGBM, were trained for
downscaling process. To ensure robust temporal generalization and prevent data leakage, a chronological
80/20 split was implemented for training and testing. Model interpretability was further analyzed using
the SHAP approach to quantify variable contributions, while performance was rigorously evaluated
through R2, RMSE, and Bias metrics, ensuring the models applicability in regions with sparse
observational data.

Results

Data preprocessing revealed that climatic extremes in Iran’s arid regions are inherent physical features
rather than outliers. While missing values for temperature and precipitation (<5%) were successfully
reconstructed using regression, solar radiation was excluded due to a high missing rate (54%). To mitigate
multi-collinearity (r > 0.90), T max and T min were selected as primary temperatur predictors. Among
the evaluated algorithms, CatBoost demonstrated superior national performance (R2 = 0.854, RMSE =
2.345), outperforming Random Forest, LightGBM, and XGBoost—the latter showing significant
overfitting. SHAP analysis identified T max (35.07%) and precipitation (24.66%) as the dominant
drivers, with station elevation (13.71%) playing a critical role in local-scale soil moisture distribution.
Although internal validation indicated a systematic negative bias (underestimation), independent
validation against ground-truth station data yielded an R2 of 0.607 and a positive bias (2.131 kg/m2). This
discrepancy is attributed to spatial scale mismatch between satellite-derived grid data and point-based
measurements. Regional analysis confirmed CatBoost's stability across diverse climates, particularly in
desert (BWk) and semi-arid (BSk) zones. Overall, the CatBoost model proved highly capable of capturing
non-linear soil moisture dynamics and seasonal fluctuations across Iran’s varied hydro-climatic regions.
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Conclusions

This study demonstrates that the CatBoost algorithm is the most robust and stable tool for downscaling
GLDAS soil moisture data across Iran’s diverse hydro-climatic regions, followed by Random Forest and
LightGBM. While XGBoost exhibited superior training performance, it failed to generalize due to
significant overfitting. Independent validation against in-situ observations yielded a moderate national R2
of 0.607, with regional accuracy peaking at 0.89 in areas with higher data density and climatic
homogeneity. The observed systematic positive bias (2.131 kg/m2) and reduced sensitivity to extremes
are attributed to the inherent tendency of machine learning models to converge toward mean values and
the spatial scale mismatch between grid and point data. Although the current model requires local
refinement for field-scale applications, it provides a powerful framework for regional drought monitoring
and water resource management, effectively reproducing complex spatio-temporal patterns of soil
moisture at a high spatial resolution.
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R2 RMSE (kg/m?) Bias (kg/m?)
Model
Train Test Train Test Train Test
RF 0.969 0.847 1.114 2.4 0.008 -0.363
XGBoost 0.975 0.823 1.006 2.579 0 -0.407
CatBoost 0.91 0.854 1.892 2.345 -0.025 -0.452
LightGBM 0.909 0.843 1.902 2.426 0 -0.442
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Feature Importance (SHAP) - CatBoost

Percentage Importance (%)

Features
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Random Forest XGBoost
Region climate RMSE . , , . ,
R? (kg/m?) Bias (kg/m*) R? RMSE (kg/m?) Bias (kg/m?)
Esfahan BWk 0.86 2.95 -1.40 0.83 322 -1.37
Hamedan Dsa 0.81 2.84 -0.24 0.76 3.14 -0.35
Hashtgerd Csa 0.79 2.75 -0.92 0.73 3.10 -0.67
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Zarqan BSk 0.86 237 -0.13 0.85 2.44 -0.45
Golmakan BSk 0.73 2.01 -0.39 0.67 223 -0.54
Qazvin Csa 0.75 2.39 0.12 0.74 245 -0.13
Anar BWh 0.69 223 0.12 0.68 2.28 0.48
Shiraz BSk 0.83 2.09 -0.47 0.82 2.13 -0.75
Tabriz BSk 0.74 2.37 -0.09 0.72 2.49 0.01
Mehrabad BSk 0.85 2.07 -0.20 0.81 233 -0.48
Yazd BWh 0.82 2.11 -0.40 0.80 223 -0.23
CatBoost LGBM

Region climate R? (Tgv/[lilzz) Bias (kg/m?) R? RMSE (kg/m?) Bias (kg/m?)
Esfahan BWk 0.87 2.84 -1.30 0.87 2.84 -1.26
Hamedan Dsa 0.82 2.77 -0.50 0.79 2.96 -0.32
Hashtgerd Csa 0.81 2.61 -0.94 0.80 2.67 -1.16
Zarqan BSk 0.85 2.44 -0.50 0.84 247 -0.32
Golmakan BSk 0.75 1.94 -0.42 0.72 2.03 -0.55
Qazvin Csa 0.76 2.34 0.16 0.75 237 0.10
Anar BWh 0.74 2.06 0.48 0.67 2.30 0.45
Shiraz BSk 0.83 2.12 -0.85 0.81 222 -0.81
Tabriz BSk 0.76 2.31 -0.16 0.74 2.40 -0.13
Mehrabad BSk 0.85 2.09 -0.53 0.85 2.09 -0.35
Yazd BWh 0.82 2.07 -0.41 0.81 2.14 -0.51
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