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Overview:

d Soil moisture (SM) is a critical variable for drought monitoring, agriculture, and climate adaptation. Yet in
data-scarce regions like East Africa, its spatial and temporal variability remains poorly understood.

 This study investigates how large-scale atmospheric patterns influence SM across East Africa from 1988 to
2023. A Random Forest regression model was trained using satellite and reanalysis data, with predictors
including precipitation, temperature, and climate indices (ENSO, 10D, 10D west).

 The model achieved moderate performance (average R? = 0.46) and was evaluated both spatially and
temporally. Results show strong predictive skill in many regions and highlight the role of climate variability in
shaping soil moisture dynamics.

O This work illustrates the potential of interpretable machine learning for hydroclimate monitoring and risk
reduction at national and local scales.

Spatial and Temporal Trends:

Data and Methods:
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Table 1: The chosen variables selected for the regression model and its source. Predictors included elevation,
land cover, precipitation, temperature, and climate indices (ENSO, I0OD, 10D west), with seasonality encoded

using circular features (sin/cos of month).
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Category Variable Source

Soil Moisture (Target) Passive SM Product (1988-2023) ESA CCISMv08.1

Meteorology Precipitation, Temperature ECMWF ERA5

Climate Indices ENSO, IOD, IOD west NOAA PSL

Land Cover MODIS type NASAMCD12Q1
Topography Elevation NASA SRTM DEM (30m)

Seasonality Month (sin/cos) Derived

Evaluation:

R2 Score, RMSE
Feature Importance

Image 1 (top): Above, the applied Random Forest workflow for SM Prediction. From left to right, the predictor

categories in yellow, followed by preprocessing (ochre), modelling (orange), and evaluation steps (red).

Applied random forest formula, where the predicted SM is determined by the number of decision trees (T) and

the number of input variables (x).

T

y =% Zlft(x)

y: predicted soil moisture
T: number of decision trees in the forest

fi(x): prediction of the tt" tree for input vector x

Results:
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Image 3: Map showing the performance of the Random Forest model per pixel, which quantifies how
well the model's predictions match the observed soil moisture values. Higher R? values (red areas)
indicate a better model fit, meaning the model can accurately capture the variability in SM at those
locations. Lower R? values (blue areas) suggest poor performance. Notably, the model performs best
in Ethiopia, while performance is weaker in Sudan, Somalia, and Yemen.

Average Predicted vs Observed Soil Moisture Over Time in East Africa
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Image 4: Time series of average observed and predicted soil moisture across East Africa from 1988
to 2023. The observed soil moisture is shown in black, while the predicted values from the Random
Forest model are shown in orange. The model achieves an R? of 0.4581, indicating moderate
predictive strength, and a low RMSE of 0.0096, suggesting the predictions are numerically close to
observed values on average.

Relative Importance of Predictors in SM Modelling (1988-2023)
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Image 2: Feature Importance plot from the Random Forest model, showing the relative contribution of input
variables to SM prediction across East Africa. Precipitation and temperature emerge as the most influential

predictors, underscoring the dominant role of short-term climate variability. Climate indices such as 10D, ENSO,
and 10D west also show moderate importance, reflecting their influence on interannual variability. In contrast,
elevation and land cover only contribute marginally to the model’s predictive skKill.

Next steps:

Repeat modelling for
each county to
determine local

trends

Include more
variables to
improve R’

Focus on specific
ENSO/IOD events
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