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Motivation

Soil moisture (SM) is a critical factor in environmental
processes.

It affects plant growth, hydrology, and climate dynamics.

Understanding soil moisture variations is essential for
sustainable land management.

However, traditional ground-based SM measurements &
lack spatiotemporal continuity. :
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Motivation esa

The European Space Agency Climate Change o0~ Tosa
Initiative (ESA CCI) provides critical long-term climate R A
data records, including SM products, which are vital = o QS o
. . . ; s s ()
for climate research and environmental monitoring. - e
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The coarse spatial resolution of these products limits
their regional application, especially in West Africa,
where high-resolution data are needed to assess
climate impacts and support adaptation efforts.
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Motivation esa

« Several downscaling techniques have been developed to enhance the
spatial resolution of Earth Observation SM products.

 Limitations of traditional methods include:
High computational demand
Difficulty in capturing non-linear relationships

Assuming stationarity

» These limitations have led to the adoption of machine learning (ML)
techniques for downscaling.
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Goal esa

» Challenge:

ML model architecture and variable choice can contribute to model error,
evidenced by residuals (yactuai sm — Vpredictea sm)- This residuals could

have spatial autocorrelation with auxiliary variables and can be
Interpolated using geostatistical methods.

Therefore, the aim of this study is to combine ML Model and Geostatistical Method
as a hybrid model to downscale ESA CCI SM products to 1 km over West Africa.
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Study Area esa
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Data set esa

- Target product: ESA CCl SM (Combine Active and Passive MW — 25 km)
- MODIS DATA: MOD11A1/061 (LST) and MODO9GA/006/NDVI (NDVI)

« Target resolution: 1 km resolution

«  Temporal resolution: Daily (April to August, 2016 — Raining Season)

» Derived indices: TVDI

DSBS T 1

© LST,u=a+b *NDVI
© LSTpin=c+d xNDVI

Where, NDVI represents the vegetation index corresponding to LST image. LST,,;, iS the minimum LST corresponding to the same
NDVI value, and LST,,,, is the maximum LST corresponding to the same NDVI value. Here, a, b, ¢, and d are the coefficients of the
TVDI dry-wet edge equation (Sandholt et al., 2002).

o—ETV-BL. =

* In situ data: ISMN database covering West Africa
- Date splited to 80% Training, 10% Validation, 10% Testing data sets
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https://www.sciencedirect.com/science/article/pii/S0034425717306259#bb0280

Downscaling Approach esa

« Concept of the Hybrid Model:

n
Zuirk = Zup(X) + égg(x) = f (%(x)) + Z Ae-e(xg);g=12,..,sk=12,..,n
k=1

Where Z "~ MLRK refers to the MLRK
predicted values, Z ~ ML (x) refers to the
trend prediction, e " RK (x) refers to the
interpolated trend residual at point x, f x
(V_g (x)) refers to the functional relationship
between soil and environmental variables
V_g at the point x, 4_k refers to kriging
weights which is determined by the spatial
dependence structure of the trend residual,
and e(x_k ) refers to the trend residual at the
sampling point x_k.

* Residual semi variance analysis
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Results
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« Model Performance

redicted SM values (m3/m3)

RF Model-predicted SM values (m3/m3)
RF Model-predicted SM values (m3/m3)

™
£
™ 0
E
P
H
s
s
H
=
&
ks
3
b4
3
e
g
3
3
3
=
=
@
2
£
°
E

LightGBM Model-

. 0.000
03 . 01 0. 03

02 01 02 03 04 01 02 03
ESACCI SM values (m3/m3) ESACCI SM values (m3/m3) ESACCI SM values (m3/m3) ESACCI SM values (m3/m3)
Testing Subset Testing Subset

ccc: 0.84 ccc: 0.84
R-: . 0.85
RMSE: 0.05 (m3/m3)
.00 (m3/m3)

101

LightGBM Model-predicted SM values (m3/m3)
RF Model-predicted SM values (m3/m3)

ESACCI SM 25km (m3/m3)

gram model for Residuals from RF model fitted variogram model for Residuals from LightGBM model

Histogram of Residuals from RF model Histogram of Residuals from LightGBM model

Q-Q Plot of Residuals from RF model Q@ Plot of Residuals from LightGBM model

Model: Ste . i Meodel: Ste
Nugget: 0 o Nugget: 0

sill: 0 sill: 0

Range: 294536 Range: 323420
Kappa: 0.4 Kappa: 0.4

0

norm quaniles 02 J o norm quantiles

400000 600000 800000 1000000 400000 600000 800000 1000000
Distance

+ THE EUROPEAN SPACE AGENCY

I e W W M2 g —_— = o o




00000FE oooooak ooooog oooooa- 00000VE  000000Z 000008k 0000024 ooonog oooook o

LightGBM-RK

+ THE EUROPEAN SPACE AGENCY

—~ j —~
IS _ IS
X t X
~ N ~
= >
n . n
@ X @
@ @
O . O
%) : %)
c : c
= =
[@] [@]
o o
S S
| - | -
o o
> >
T T

00000FE 0000002 00000 000002 ooonog ooooor o 00000FE  000DOOZ  000009F 0000024 ooooog ooooow o

w—

(m3/m3)
(m3/m3)

SM_Residuals
SM_Residuals

-0.080 -0.050 -0.020 0.070 0.040 0.070

-0.080 -0.050 -0.020 0.070 0.040 0.070

00000vE 000009 000008 ooooog- | ODDOOWE  OODDDOZ OO ; noooor

€
~
=
wn
Q<
©
&)
%)
c
=
O
[m)

0000002 0000091 ___00000Z | 000008 00000F

SM (m3/m3)

Visualization
- 4 ==

Results




Results

 Validation of Models with Original ESA CCl SM
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Take home points Eesa

« Combining ML models and geostatistical methods (Hybrid Model) leverages the
spatial data of auxiliary datasets, improving prediction accuracy and reducing
model error through residual interpolation with spatial autocorrelation.

* Integrating these methods into the downscaling framework corrects spatial
errors and enhances the performance of original SM products.

« The ML models significantly improved the correlation of SM products
(downscale SM) with in-situ measurements compared to the original ESA CCI
SM product.

* The hybrid downscale SM follows with the original ESA CCI SM product with
low correlation with the in-situ measurements.
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Conclusion esa

 The hybrid model enhances prediction accuracy and reduces model error

through residual interpolation.

 This approach corrects spatial errors in the downscaling framework and
improves the performance of original soil moisture products. Although the
correlation with ground measurements remains low due to the original data, the
ML models' predicted soil moisture shows a higher correlation with in-situ

measurements, proving the hybrid approach's effectiveness.
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