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Abstract

Soil moisture plays a crucial role in various fields of geoscience, including agriculture, hydrology, meteorology, and climatology. This
study has proposed a seasonal approach to estimate surface soil moisture at 10 m resolution using a combination of Synthetic Aperture
Radar (SAR) and optical imagery, coupled with two machine learning algorithms: Support Vector Regression (SVR) and Random For-
est (RF). The research utilized simultaneous observations from the Sentinel-1 SAR and Sentinel-2 optical satellites, along with near-
surface soil moisture measurements (0—5 cm) from 17 stations in the Yanco study area of Australia, over a four-year period (March
2016 to August 2020). Initially, 270 features were extracted from the satellite data, which were then refined to 31 features per season
based on their correlation with near-surface soil moisture. The Sequential Forward Selection (SFS) model, combined with 5-fold
cross-validation and the RF algorithm using default hyperparameters, was used to rank the most important features over 100 iterations.
The results revealed that important features varied across seasons, with the highest accuracy achieved using only 5 features, resulting in
an average lowest Root Mean Square Error (RMSE) of 0.06 (+0.009) m*/m® and a correlation of 0.65 (0.09). The RF method consis-
tently outperformed SVR in soil moisture estimation, with an average RMSE improvement of 0.006 m*/m?>. Both algorithms achieved
their highest accuracy in autumn (RMSE of 0.05 m*/m?), with winter proving the most challenging (RMSE of 0.09 m*/m? for SVR and
0.08 m*/m® for RF). These findings highlight the importance of selecting appropriate features for each season to enhance soil moisture
estimation using combined SAR and optical remote sensing data with machine learning techniques. This seasonal approach offers
promising enhancements in soil moisture monitoring, with a 0.002 m*/m? reduction in RMSE and a 0.03 increase in correlation, poten-
tially advancing our understanding and management of this critical environmental variable across various applications. However, the
potential uncertainty introduced by the time lag between Sentinel-1 and Sentinel-2 acquisitions, due to dynamic changes in vegetation
water content, should be acknowledged as a limitation.
© 2025 COSPAR. Published by Elsevier B.V. All rights are reserved, including those for text and data mining, Al training, and similar
technologies.
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1. Introduction

Soil moisture is a critical variable in environmental

science, including agriculture (Adamchuk et al., 2004,
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ment (Dobriyal et al., 2012), and weather forecasting
(Scipal et al., 2008). There are various methods for estimat-
ing soil moisture, including ground-based, modeling, and
remote sensing technology (Verstraeten et al., 2008).
Although ground-based methods can provide highly accu-
rate soil moisture estimates with high temporal resolution,
and are considered a reliable benchmark for validating
other techniques, their low spatial distribution restricts
their applicability in many contexts. These methods are
also costly and time-consuming when implemented over
large spatial scales (Zhang et al., 2018). Hydrological and
land surface models are commonly used to estimate soil
moisture from weather variables such as precipitation,
evapotranspiration, and infiltration (Lin et al., 2024,
Mondal and Mishra, 2024). However, these models rely
on numerous assumptions and often produce uncertain
results. Additionally, the input data for these models are
not always valid or readily available.

Remote sensing technology is widely used for estimating
soil moisture at larger scales, with various parts of the elec-
tromagnetic spectrum, including optical (Sadeghi et al.,
2017), thermal (PRICE, 1980), and microwave (Ezzahar
et al., 2019, Sabaghy et al., 2018) region having been used
to estimate soil moisture at the global scale. However,
microwave remote sensing has proven to be the most
promising approach for soil moisture estimation due to
its all-weather capability, its ability to operate both day
and night, and its high sensitivity to soil moisture variation
within the soil medium (Ulaby et al., 1996, Filgueiras et al.,
2019) given the large dielectric constant difference between
water and dry soil. Compared to passive microwave, Syn-
thetic Aperture Radar (SAR) can provide soil moisture
information at higher spatial resolution (Barrett et al.,
2009, Shi et al., 1997, Loew and Mauser, 2006), making
it more suitable for localized applications such as farmland
activities. However, the estimation of soil moisture from
SAR observations is influenced by a wide range of ground
parameters, including surface roughness and Vegetation
Water Content (VWC), typically resulting in lower accu-
racy than from passive microwave (Paloscia et al., 2013).
Importantly, some studies have successfully combined
SAR and optical data for soil moisture estimation, with
an improved accuracy in the retrieval process (Prakash
et al., 2011, Bao et al., 2018).

Several methods have been proposed to estimate soil
moisture from combined SAR and optical remote sensing
observations, including physically-based inversions, simple
linear regressions, and advanced machine learning. Inver-
sion methods, which use Radiative Transfer Models
(RTMs), offer the advantage of providing accurate soil
moisture estimates across large scales due to their physi-
cally based approach. However, they can be complex and
computationally intensive, requiring accurate ancillary
data and calibration (Barrett et al., 2009). Simple regres-
sion models assume a linear relationship, which may not
capture the complex interactions in remote sensing data,
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leading to potential inaccuracies. They often fail to account
for multiple factors like surface roughness and vegetation,
and can be sensitive to outliers (Paloscia et al., 2013). Addi-
tionally, these models may not generalize well across differ-
ent environments and rely heavily on the quality and
quantity of input data. Machine learning algorithms excel
in handling large and complex datasets, enabling them to
uncover intricate patterns and relationships that simple
models might miss (Shami et al., 2024). They are highly
adaptable and can therefore improve accuracy as more
data becomes available (Abdalla et al., 2024).

With the abundance of data sources today, such as
intensive soil moisture measurements from the Yanco
study site in Australia, and free Sentinel-1 and Sentinel-2
images, machine learning algorithms can potentially lever-
age these rich datasets to enhance predictive performance
and robustness, making them powerful tools for advanced
soil moisture estimation. Accordingly, several studies have
employed machine learning algorithms for estimating sur-
face soil moisture, including Support Vector Regression
(SVR) (Ahmad et al., 2010), Artificial Neural Network
(ANN) (Paloscia et al., 2013), Random Forest (RF)
(Hajdu et al., 2018), and eXtreme Gradient Boosting
(XGBoost) (Ezzahar et al., 2023). While some of these
studies utilized optical and thermal observations (Adab
et al., 2020), others have specifically employed active
microwave observations, including active-only (Ezzahar
et al., 2019, Bhogapurapu et al., 2022, Chaudhary et al.,
2022, Hou et al., 2024), or a combination of active and
optical observations (Attarzadeh et al., 2018, Wang and
Gao, 2023). Some studies have also compared machine
learning algorithms with physical models, finding that
machine learning algorithms are more suitable for soil
moisture estimation due to the difficulty of obtaining ancil-
lary variables, such as surface roughness and vegetation
water content, at large scale (Ezzahar et al., 2019). Further-
more, comparisons among various machine learning algo-
rithms have shown that RF and SVR are typically the
most effective.

Although these studies demonstrated that combining
radar and optical data is more effective for estimating
soil moisture than using radar data alone, they have
often utilized a limited number of radar and optical fea-
tures. Moreover, recent research by Li et al. (2024)
emphasized the need to use a broad range of optical
indices for estimating soil moisture. Importantly, none
of these studies have investigated the impact of using dif-
ferent sets of features during different seasons. Accord-
ingly, this study has addressed these limitations by
generating a variety of SAR and optical features from
Sentinel-1 and Sentinel-2 satellites, respectively, including
a proposed new index, (VV-VH)/VV, and evaluating dif-
ferent subsets of features in each season. Consequently, a
seasonal approach was employed for estimating surface
soil moisture in New South Wales, Australia, using RF
and SVR algorithms.
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2. Experimental data

This study utilized SAR measurements from the
Sentinel-1 satellite and optical measurements from the
Sentinel-2 satellite, along with surface soil moisture data
collected from ground stations. The data were collected
at the Yanco study site in New South Wales, Australia,
covering the period from March 2016 to August 2020
(Fig. 1). The Yanco study site is located within the Mur-
rumbidgee River catchment, with its landscape predomi-
nantly characterized by pasture, crops, and woody
vegetation (Smith et al., 2012). The region’s topography
is relatively flat, with elevations ranging from 117 to
150 m, and its soil composition includes clay, red-brown
earth, transitional red-brown earth, sand over clay, and
entirely sandy land (Yee et al., 2016). The site experiences
varying average daily temperatures throughout the year,
ranging from 13 °C in July to 32 °C in January, with an
average annual precipitation of 418 mm, most of which
occurs during the late autumn and winter months (Yee
et al., 2016). A total of 17 soil moisture stations (as shown
in Fig. 1) were considered, which measured surface soil
moisture at a depth of 0-5 cm in 20-minute intervals.
The 20-minute time lag for Sentinel-1 refers to the maxi-
mum difference between satellite acquisition and in-situ
data collection, ensuring near-simultaneous validation. A
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total of 95 Sentinel-1 SAR images were used in this study,
acquired in Interferometric Wide Swath (IW) mode with
VV and VH polarization and incident angles ranging from
35° to 38° (https://www.asf.alaska.edu/). These images,
processed to 10 x 10 m Ground Range Detected (GRD)
products, were derived from raw Single-Look Complex
(SLC) data (5 x 20 m resolution) through multi-looking,
geocoding, and subswath stitching (Small and Schubert,
2019). Additionally, 95 Sentinel-2 Level-1C images, cover-
ing 10 spectral bands in VISible (VIS), Near-InfraRed
(NIR), and ShortWave InfraRed (SWIR) with spatial res-
olutions of 10, 20, and 60 m, were acquired. Sentinel-2
images were acquired with a time lag of less than 5 days rel-
ative to Sentinel-1, balancing data availability with the
irregular imaging schedules over the Yanco region in the
Southern Hemisphere. This time lag introduces uncertain-
ties due to the dynamic nature of VWC, which can vary
substantially over short timescales influenced by diurnal
changes, rainfall, irrigation, and temperature. While a time
lag of less than five days between Sentinel-1 and Sentinel-2
acquisitions aims to reduce mismatches, it does not fully
account for the potential variability in VWC, which may
affect the accuracy of the model.

Over the four-year period, a total of 1303 quality
samples were collected (Table 1). The dataset was divided
into different seasons: spring (September, October, and
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Fig. 1. Location of the study area and the soil moisture stations. The background is a mosaic of Sentinel-2 satellite images from January 2020.
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Table 1
Mean values of soil moisture, NDVI, and number of collected samples for
each season.

Dataset Mean soil moisture Mean NDVI  Number of samples
(m*/m?)

Spring 0.13 0.21 263

Summer 0.1 0.15 343

Autumn 0.12 0.17 416

Winter 0.18 0.37 281

Entire period 0.13 0.22 1303

November), summer (December, January, and February),
autumn (March, April, and May), winter (June, July, and
August), and the entire four-year dataset. Seasonal varia-
tions in mean soil moisture and NDVI are shown in
Table 1. Winter had the highest mean soil moisture
(0.18 m*/m?) and NDVI (0.37), indicating higher vegeta-
tion accompanying the higher moisture content during this
season. In contrast, summer exhibited the lowest mean soil
moisture (0.10 m*/m?) and NDVI (0.15), reflecting the dry
conditions typical of this season. Autumn had the largest
number of samples (416) due to higher number of in suit
soil moisture, while the other seasons had an average of
~290 samples each. This dataset was utilized to evaluate
the performance of two commonly used machine learning
algorithms, to estimate surface soil moisture from com-
bined SAR and optical imagery.

3. Methodology
3.1. Machine learning algorithms

The SVR and RF machine learning algorithms were
employed to estimate surface soil moisture using combined
Sentinel-1 SAR and Sentinel-2 optical imagery (Fig. 2).
The SVR algorithm is an extension of the Support Vector
Machine (SVM), developed by Vapnik in the 1990s for
regression problems (Vapnik and Vapnik, 1998, Vapnik,
1995). It is a supervised learning method designed to find
an optimal hyperplane in a high-dimensional feature space.
The SVR uses kernel functions to map data into a higher-
dimensional space, enabling nonlinear modeling of com-
plex relationships (Cristianini and Shawe-Taylor, 2000).
The RF algorithm, developed by (Breiman, 2001), is an
ensemble learning algorithm that combines decision trees
and bagging for classification and regression tasks. It
builds multiple decision trees using random subsets of fea-
tures and data, enhancing model robustness and accuracy.
Each tree partitions the feature space with hierarchical
rules to classify data or make predictions. Bagging gener-
ates diverse training data by sampling with replacement,
which reduces correlation among trees and improves stabil-
ity and accuracy (Carranza et al., 2021). For both SVR and
RF, a GridSearchCV method with 5-fold cross-validation
was employed to determine the optimal hyperparameters
using five datasets. In the study by Pasolli et al. (2011a)
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the SVR parameter ranges for C, epsilon, and gamma were
set to [0.001:1: 1000], [0.0001:1:1000], and [0.0001:0.01:10],
respectively, and this research followed the same approach.
Similarly, for the RF model, this study adopted the param-
eter ranges for the number of trees and maximum depth
from Carranza et al. (2021) which were set within
[100:1:1000] and [2:1:10], respectively. The Radial Basis
Function (RBF) kernel was chosen for SVR due to its
superior performance in fields like hydrology and soil mois-
ture estimation (Scholkopf et al., 1997, Asefa et al., 20006,
Gill et al., 2006), owing to its ability to minimize expected
error limits by automatically adjusting thresholds and
weights. These intervals were used to fine-tune the param-
eters of the SVR and RF algorithms in this study. The list
of tuned hyperparameters for RF and SVR is shown in
Table 2.

3.2. Feature engineering

The satellite images including SAR and optical were
processed and various features generated. Pre-processing
steps for Sentinel-1 SAR images included orbital correc-
tion, Range-Doppler terrain correction, Sigma Nought
conversion, and speckle noise reduction. The Lee sigma fil-
ter (LEE, 1983) with a 5 X 5 window was used for speckle
noise reduction, with its effectiveness in soil moisture esti-
mation demonstrated by Liu et al. (2020). For Sentinel-2
optical images, atmospheric correction (Yin et al., 2019)
was performed. This involved converting Top of Atmo-
sphere (TOA) reflectance to Bottom of Atmosphere
(BOA) reflectance using the Sensor Invariant Atmospheric
Correction (SIAC) function. Additionally, cloudy pixels
were detected and removed using the QA60 band (Sun
et al., 2019, Aybar et al., 2022). The final output images
from Sentinel-1 and Sentinel-2 had a pixel size of
10 x 10 m. The Sentinel Application Platform (SNAP) soft-
ware version 8.0.0 and Google Earth Engine were utilized
to process the Sentinel-1 and Sentinel-2 images respec-
tively. The general procedure followed in this study is illus-
trated in Fig. 2, depicting the flowchart of the overall
process.

Feature engineering, including feature generation and
selection, is one of the most important steps in the applica-
tion of machine learning algorithms to remote sensing. For
the purpose of soil moisture estimation, eight features were
generated from Sentinel-1 SAR observations utilizing VV
and VH polarizations. Previous research has highlighted
various features derived from dual-polarization radar data
as effective for accounting for vegetation and soil proper-
ties (Gorrab et al., 2021, Ouaadi et al., 2020, Ayari et al.,
2023). Additionally, the local incidence angle was consid-
ered as one feature. Furthermore, 249 features (see list
given at https://www.indexdatabase.de/db/is.php?sensor_
1d=96) were generated using ten bands of Sentinel-2 optical
images, including blue, green, red, Vegetation Red Edge
(VRE) 5, VRE 6, VRE 7, Near-InfraRed (NIR), Narrow
NIR, Short-Wave Infra-Red (SWIR) 11, and SWIR 12.
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Fig. 2. Workflow for soil moisture estimation using machine learning algorithms with combined Sentinel-1 SAR and Sentinel-2 optical data.

Table 2
Tuned hyperparameters for RF and SVR algorithms.

RF SVR
Dataset Number of trees Max depth Max features C epsilon Gamma Kernel
Spring 160 10 Sqrt 901 6.5 0.001 RBF
Summer 600 10 Sqrt 503 3.6 0.1 RBF
Autumn 250 10 Sqrt 750 4.4 0.01 RBF
Winter 150 10 Sqrt 26 4.8 1 RBF
Entire period 150 10 Sqrt 610 5.9 0.2 RBF

A correlation analysis was performed between each of the
249 features and surface soil moisture, both seasonally
and annually. The top ten features for each season were
retained based on these analyses. This process ensured that
the selected features had a strong correlation with soil
moisture data, enhancing the model’s accuracy. In total,
31 features were considered: 11 fixed features from
Sentinel-1 SAR data, 10 fixed bands from Sentinel-2 opti-
cal observations, and the top ten indices calculated from
Sentinel-2 optical data, which vary with each season. The
list of these features is given in Tables 3 and 4 for
Sentinel-1 and Sentinel-2, respectively.

Employing a large number of features in machine learn-
ing algorithms reduces performance, as the model may
learn noise instead of meaningful patterns, and the pres-
ence of many unnecessary and irrelevant features in high-
dimensional data further diminishes the model’s ability to
generalize to new data (Zebari et al., 2020). Feature selec-
tion aims to identify the most relevant subset of features
from the entire set of available features, enhancing compu-
tational efficiency, especially for large datasets (May et al.,
2010). The Sequential Forward Selection (SFS) (Whitney,
1971) was employed to rank and select the most important
subset of the features for each dataset, with the goal being
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Table 3

Features extracted from Sentinel-1 SAR data. Wi: Winter; Sp: Spring; Su:
Summer; Au: Autumn; LIA: Local Incident Angle; NRPB: Normalized
Ratio Procedure between Bands; PR: Polarization Ratio; RVI: RADAR
Vegetation Index; VDDPI: Vertical Dual De-Polarization Index.

ID  Feature Type Usage  Reference

1 \'A" Measured All Ulaby et al., 1978

2 VH Measured All Ulaby et al., 1996

3 LIA Measured All Pasolli et al., 2015

4 X Calculated  All Ulaby et al., 1996

5 VH + VV  Calculated  All Hoskera et al., 2020

6 NRPB Calculated  All Filgueiras et al., 2019

7 PRI Calculated  All Mandal et al., 2020

8 PR2 Calculated All Della Vecchia et al., 2008
9 RVI Calculated  All Nasirzadehdizaji et al., 2019
10 VVDDPI Calculated  All Periasamy, 2018

11 VDDPI 2 Calculated  All -

Table 4
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to find the optimal subset of features that maximizes the
accuracy for performance of the model (Pudil et al.,
1994). The SFS algorithm starts by individually evaluating
each feature to identify the one that yielded the greatest
improvement in model performance, which was then added
to the feature subset. In each subsequent iteration, the
algorithm evaluated the remaining unselected features
and added the feature that most enhanced the model’s per-
formance when combined with the already selected fea-
tures. This process continued until adding further
features no longer resulted in a substantial improvement
in model accuracy or performance (Aha and Bankert,
1994, Aha and Bankert, 1995).

The SFS algorithm, using the RF algorithm as a regres-
sor with default hyperparameters, was executed 100 times
for each seasonal dataset: spring, summer, autumn, winter,

Features selected from Sentinel-2 optical data. ARI: Anthocyanin Reflectance Index; ARVI2: Atmospherically Resistant Vegetation Index 2; MTVII:
Modified Triangular Vegetation Index 1; GNDVIhyper: Normalized Difference 780/550 Green NDVI hyper; NDMI (Normalized Difference 820/1600
Normalized Difference Moisture Index); SIWSI: Normalized Difference 860/1640; NDVI: Normalized Difference Vegetation Index; NDVIre: Normalized
Difference Vegetation Index red-edge; BRI: Browning Reflectance Index; Chlgreen: Chlorophyll Green; Clgreen: Chlorophyll Index Green; D678/500
Difference 678/500; GVMI: Global Vegetation Moisture Index; GLI: Green leaf index; GNDVI: Green Normalized Difference Vegetation Index;
GBNDVI: Green-Blue NDVI; GRNDVI: Green-Red NDVI; MCARI: Modified Chlorophyll Absorption in Reflectance Index;MSR670: Modified Simple
Ratio 670,800; SRNIR/MIR: Simple Ratio NIR/MIR; SLAVI: Specific Leaf Area Vegetation Index.

1D Feature Type Usage Reference

12 Sentinel-2 Bands Measured All -

13 Alteration Calculated Sp Volesky et al., 2003

14 ARI Calculated Sp, Au Gitelson et al., 2003

15 ARVI2 Calculated WY, Su Kaufman and Tanre, 1992
16 MTVI1 Calculated Su Haboudane et al., 2004
17 GNDVIhyper Calculated Su -

18 NDMI Calculated Sp Xiao et al., 2019

19 SIWSI Calculated Sp Fensholt and Sandholt, 2003
20 NDVI Calculated All Rouse Jr et al., 1974
21 NDVlIre Calculated Wi, Su Forkuor et al., 2020

22 NormNIR Calculated Au -

23 BRI Calculated WY, Su Chivkunova et al., 2001
24 Chlgreen Calculated WY -

25 Clgreen Calculated WY, Au Hunt Jr et al., 2011

26 CRIS50 Calculated Au Gitelson et al., 2001

27 Datt4 Calculated Sp -

28 Datt6 Calculated WY, Sp, Au —

29 D678/500 Calculated Wi -

30 GVMI Calculated WY, Sp Glenn et al., 2010

31 GLI Calculated Wi Hunt Jr et al., 2011

32 GNDVI Calculated Au Ahamed et al., 2011

33 GBNDVI Calculated Au Wang et al., 2007

34 GRNDVI Calculated Su Main et al., 2011

35 LogR Calculated WY, Su, Au -

36 MCARI Calculated Wi -

37 MSR670 Calculated Au Pu et al., 2008

38 NormR Calculated Wi -

39 SRNIR/MIR Calculated Wi Malthus et al., 1993

40 SLAVI Calculated Sp Lymburner et al., 2000
41 SQRT(IR/R) Calculated Wi -

42 STVI1 Calculated WY, Wi Thenkabail et al., 1994
43 STVI2 Calculated Sp Thenkabail et al., 1994

44 STVI3 Calculated

WY, Su Thenkabail et al., 1994
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and the entire period. Each execution utilized 5-fold cross-
validation. In each iteration, the algorithm produced a
combination of features with varying numbers of features.
The frequency of each feature was calculated and ranked
from most important to least important. An iterative
approach was employed to determine the optimal number
of features for each dataset (spring, summer, autumn, win-
ter, and the entire period), with the RF algorithm using the
ranked features from the previous stage. The process
involved gradually adding features to the RF model and
evaluating their impact on the accuracy of soil moisture
estimation. Starting from the first ranked feature with the
highest frequency for each dataset, the RF algorithm with
tuned hyperparameters was executed 50 times using 5-fold
cross-validation. The data was shuffled and divided into
training and testing sets for each iteration. This process
was repeated 50 times for the first ranked feature and the
average of the 50 RMSE and R values calculated. The next
step included selecting the first and second ranked features,
and the process repeated as before until the last feature was
included. The optimal number of features for each dataset
was determined by identifying the point at which adding an
additional feature did not increase the R value or decrease
the RMSE.

3.3. Soil moisture estimation

The RF and SVR algorithms were employed to estimate
soil moisture using two approaches: (i) selecting the num-
ber of features determined by the RF algorithm, and (ii)
fixing the top 5 important features identified by the SFS
algorithm. In the feature ranking process using the SFS
algorithm, it was found that, on average, the first 5 features
had the highest frequency of importance. The objective of
this comparison was to evaluate whether determining the
number of features using the RF algorithm, which is com-
putationally expensive, is necessary. Similar to the feature
selection, in estimating soil moisture using each of the
approaches, the data was divided into training and testing
using 5-Fold cross validation. To ensure robustness and
reliability, each of the employed machine learning algo-
rithms were executed 50 times by shuffling the data in each
iteration. This process was executed for each dataset,
including spring, summer, autumn, winter, and the entire
dataset. In this study, RMSE, Bias, and R were used as
mathematical criteria to evaluate the results of the RF
and SVR algorithms. Additionally, the statistical criterion
Analysis of Variance (ANOVA) was employed with a con-
fidence level of o = 5 % (Devore et al., 2021). The perfor-
mance of the SVR and RF methods was then compared for
each season and for the entire dataset.

The null hypothesis, HO, posits that the performance of
SVR and RF algorithm is similar across different seasons
or the entire dataset, while the alternative hypothesis, H1,
suggests that a significant difference in performance exists.
The hypotheses are represented as follows:
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HO: u SVR = u RFfor each dataset
H1 : at least one is different

where p denotes the mean.
4. Results and discussion
4.1. Feature selection results

From the 31 features employed for each season and the
entire dataset (Tables 3 and 4), the results of the feature
ranking by the SFS algorithm showed that only 30, 27,
29, 22, and 26 features for spring, summer, autumn, winter,
and the entire dataset, appeared in the feature combina-
tions (Fig. 3), respectively. The other features were not
important and therefore did not appear in the final results.
Although the LIA is not directly tied to the physical prop-
erties of soil moisture, it has a significant impact on the
backscatter signals in SAR images, which in turn influences
the accuracy of soil moisture estimation. LIA primarily
affects how SAR signals interact with the surface, rather
than contributing directly to the estimation of soil mois-
ture. However, due to the spatial distribution of soil mois-
ture stations in the study area, variations in near and far
incidence angles become particularly important for inter-
preting backscatter signals, underscoring LIA’s indirect
but crucial role in soil moisture estimation across all data-
sets. The VRES band emerged as the next most important
feature, especially during the spring season, underscoring
its relevance in soil moisture estimation. This contrasts
with previous studies, which have primarily focused on
using the red band and NIR for soil moisture estimation
(Amani et al., 2016, Zhan et al., 2007). The importance
of VRES has been largely unexplored due to its absence
in most sensors. The SWIR2 and VV bands also demon-
strated high importance, with frequencies of 83 % and
80 %, respectively, due to their moisture sensitivity and
backscatter effects. The importance of SWIR (Babaeian
et al., 2018, Sadeghi et al., 2015) and VV (EI Hajj et al.,
2019, Dubois et al., 1995) in soil moisture estimation has
been emphasized in previous studies. Additionally, the
innovative (VV-VH)/VV index proved effective for soil
moisture estimation in the overall dataset.

In spring, NDVI was the next most frequently selected
feature, appearing in all of the iterations. The VRES band
was also prominent, emphasizing its importance during
spring when vegetation growth is substantial. Other impor-
tant indices in spring included the ARI and VH + VV
index, highlighting the combined effectiveness of Sentinel-
1 and Sentinel-2 data in capturing soil and vegetation inter-
actions. In the summer season, characterized by low vege-
tation (NDVI = 0.15) and low soil moisture (SM = 0.1 m?/
m?) as shown in Table 1, the blue band emerged as a crucial
feature, appearing in 81 % of iterations. Its sensitivity to
atmospheric conditions makes it particularly effective dur-
ing the drier summer months, despite being less useful in
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Fig. 3. Frequency of the best performance features provided by the SFS algorithm in: (a) spring, (b) summer, (c) autumn, (d) winter, and (e) entire dataset.

other seasons due to its susceptibility to atmospheric water
vapor. The reduced precipitation, evaporation, transpira-
tion, and soil moisture in summer enhance the blue band
effectiveness. The VH + VV index, along with the NIR
and VRES bands, also proved important for accurate soil
moisture estimation during this season. These findings
underscore the significance of integrating multi-sensor data
to improve soil moisture estimation in summer, leveraging
both optical and radar indices to address the unique chal-
lenges posed by summer’s dry conditions.

In autumn, LIA and ARI were consistently identified as
the most important features. These, along with VV
backscatter, were crucial because the reduced vegetation
cover during autumn allows for more direct interactions

with the soil surface. Autumn and summer have similar soil
moisture and vegetation conditions (Table 1), which
accounts for the frequent selection of ARI and the
MSR670 index from Sentinel-2 data. With low vegetation
levels in autumn, VV backscatter was more important than
VH backscatter, as it primarily reflects signals from the
ground (McNairn and Brisco, 2004). The X index, calcu-
lated as VH-VV, was also effective in capturing soil mois-
ture dynamics, further highlighting its usefulness in
assessing ground conditions. The top features identified
for the winter season were LIA, Red, and D678/500
indices, each appearing in all of the iterations. The
D678/500 index, derived from subtracting the red band
from the blue band, is particularly sensitive to vegetation
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chlorophyll, which makes it important in winter when veg-
etation is prevalent. The winter season recorded the highest
NDVI (0.37) and soil moisture content (0.18 m*/m?), indi-
cating higher vegetation and moisture presence compared
to other seasons. The red and blue bands are strongly influ-
enced by plant chlorophyll and are absorbed by vegetation,
while the green band, frequently observed in the winter
dataset, was mainly reflected during the winter. Studies
have suggested that vegetation indices, which reflect prop-
erties such as vegetation growth, biomass, or stress levels,
can provide indirect estimates of soil moisture content, par-
ticularly in scenarios where the soil surface is not visible
(Petropoulos et al., 2015, Wang et al., 2010, Xiao et al.,
1994). These indices are influenced by the relationship
between vegetation and available soil moisture, though it
is important to note that this relationship is complex and
context-dependent. Surface soil moisture can fluctuate
rapidly due to environmental interactions, while vegetation
response, linked to root zone moisture, may remain more
stable over time. In winter with the presence of vegetation
(NDVI = 0.37), VH backscatter was dominant due to its
sensitivity to volumetric scattering mechanisms, which are
influenced by the structural characteristics of the vegeta-
tion and the scene. Previous research, such as
Vreugdenhil et al. (2018) has emphasized that VH
backscatter often dominates in vegetated environments,
though it primarily reflects volumetric properties rather
than direct soil moisture information. In contrast, VV
backscatter, which interacts more with the soil surface,
especially in areas with sparse vegetation or bare soil. Stud-
ies using combined SAR and optical data for soil moisture
estimation (Pasolli et al., 2011b, Ahmad et al., 2010, El
Hajj et al., 2019) have also emphasized the crucial impor-
tance of NDVI, though relying on a single feature across
different environmental conditions can lead to inaccuracies
due to variations in water content, vegetation, and soil
parameters. The NDVI, while important, has limitations
such as saturation and susceptibility to atmospheric and
soil conditions (Weiss et al., 2020), explaining its lower fre-
quency in most seasons except spring. While some features,
like LIA, consistently ranked highest across all datasets,
the effectiveness of SAR and optical features varied by sea-
son; SAR was more effective in winter and autumn,
whereas optical features were more beneficial in spring
and summer. Overall, combining both SAR and optical
data is essential for achieving the most accurate soil mois-
ture estimation throughout the year.

The number of important features using the RF algo-
rithm is shown in Fig. 4, which illustrates the average per-
formance of the algorithm across 50 iterations for each
dataset. On average, using the top five ranked features in
each dataset provided the highest accuracy for soil mois-
ture estimation, while adding the sixth feature did not sub-
stantially improve the accuracy. Therefore, the two
approaches were compared for training the RF and SVR
algorithms based on: (i) the recommended number of fea-
tures with the lowest RMSE (Fig. 5a and b), and (ii) the
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five top-ranked features with the highest frequency
(Fig. 5¢ and d). Both approaches achieved similar accu-
racy, with an average difference of 0.0008 m*/m* across
all of the datasets, indicating that additional features do
not substantially enhance the accuracy of soil moisture esti-
mation, and thus supporting the use of the second
approach.

4.2. Soil moisture estimation results

The RF and SVR algorithms were executed 50 times
each, utilizing the five most important features from each
dataset (refer to Fig. 5¢c and d). An ANOVA test was con-
ducted to evaluate the differences in performance between
the RF and SVR algorithms across various datasets. This
statistical test was applied to the RMSEs obtained from
50 iterations of the SVR and RF models. The null hypoth-
esis posited that the means of the RMSEs for the two mod-
els were equal, with a p-value of less than 0.05 considered
indicative of a statistically significant difference, thus lead-
ing to the rejection of the null hypothesis. The results indi-
cated that only the RF model, when applied to the entire
dataset and spring dataset, had p-values greater than 0.05
(p = 0.12), suggesting no significant differences in perfor-
mance for these datasets. However, for all other datasets,
the p-values were less than 0.05, indicating significant dif-
ferences and leading to the rejection of the null hypothesis.
The RF algorithm was found to consistently outperform
the SVR algorithm across all datasets. Specifically, the
RF algorithm achieved reductions in RMSE (and increases
in R) by 0.005 m*/m* (0.1) in spring, 0.004 m*/m* (0.12) in
summer, 0.006 m*/m® (0.08) in autumn, 0.01 m*/m> (0.14)
in winter, and 0.01 m*/m? (0.12) across the entire dataset.
Therefore, in the following analysis, the focus is placed
on the result of the RF algorithm.

The average RMSE (R) in Fig. 5d (Fig. 6b) for the
autumn dataset was found to be lower than that of the
other datasets, with values of 0.05 m*/m? (0.78) when the
RF algorithm was used. Summer was the second, with
mean RMSE and R values of 0.06 m*/m?* and 0.50, respec-
tively. The accuracy of estimated soil moisture for the
spring and winter datasets was found to be lower compared
to the summer and autumn datasets, with RMSE of
0.06 m*>/m® and R of 0.60 for spring, and RMSE of
0.08 m*/m* and R of 0.70 for winter when the RF algo-
rithm was employed. There are two possible reasons for
having higher RMSE for winter and spring as compared
with summer and autumn. The first reason is that summer
and autumn exhibited the lowest mean NDVI and soil
moisture values compared to spring and winter datasets.
SAR signals can penetrate the canopy and come from dee-
per layers of the soil, which represent the average 0-5 cm
soil moisture recorded by the station. However, with a den-
ser canopy in winter and spring, the radar backscatter has
reduced interaction with the soil surface, resulting in radar
and optical data that primarily reflect the canopy charac-
teristics. The second reason is the number of representative



M. A. Shahriari et al.

0.10
0.8
0.7
0.6
~
0.5
0.4
0.3
0.2
Number of Features
0.10
0.8
07 0.08
06 ® a
u 0.06 mg
~ = 8
0.5 L S N e R s e R N N R R R m
2]
0.045
0.4
0.02
0.3 (C)
02 1 5 10 15 20 25 30 o
Number of Features
0.10
0.8
n
o7] ™ 0.08
\
\
- o
0.6 p U B Y S Y P E R R R R 0.06"g
2]
~ g
0.5 )
0.045
0.4
0.02
0.3 ( )
L T R LRI LR R A R
Number of Features

Advances in Space Research xxx (xxxx) xxx

0.10
0.8
0.7 0.08
06 Mg 006
E-g-pg-p S8y ys -85S EEN =
g
0.5 =
0.04 E
04
0.02
03 (b)
02 1 5 10 15 20 25 30 0.00
Number of Features
0.10
0.8
0.08
0.7
g ngniiy gy gue®i-an
0.6 0.06%
o
g
0.5 =
0.04 E
0.4
0.02
(d)
02 1 5 10 15 20 25 30 0.00
Number of Features
e R
— —=a — RMSE
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and (e) entire period (the lowest RMSE value indicates the best accuracy in the number of features).

training samples (Fig. 6b), which was higher during sum-
mer and autumn as compared with winter and spring data-
sets. It was also evident that the standard deviation of the
accuracy of soil moisture estimation during winter was
higher (0.02) than that for the other datasets, being fol-
lowed by spring (0.02), autumn (0.01) showing the greater
robustness of the RF algorithm during summer and
autumn as compared with winter and spring.

Fig. 7 presents the best result from 50 runs of the RF
algorithm, showing a positive correlation between observed
and estimated soil moisture. The results show that as soil
moisture increased, accuracy decreased. This decline can
be attributed to two factors: (i) reduced sensitivity of

backscatter to changes in soil moisture at higher levels,
leading to saturation (the phenomenon of SAR data
becoming saturated for soil moisture above 0.25 m*/m?
was confirmed by Zribi et al. (2013); and (ii) the insuffi-
ciency of training data for soil moisture levels above
0.25 m3/m°, as only 7 % of the dataset falls within this
range. The model performance across the entire datasets
showed a good fit between the observed and estimated soil
moisture values with the best estimate in autumn and the
worst estimate in winter.

The models used in this study were calibrated and vali-
dated based on the specific environmental conditions of the
study area, which included variations in vegetation cover,
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soil properties, and atmospheric conditions. These factors
significantly influence soil moisture retrieval, as radar
backscatter reflects a combination of soil and vegetation
contributions. For instance, in densely vegetated areas,
the backscattered signal is dominated by volumetric scat-
tering, making soil moisture estimation more challenging,
while sparser vegetation allows for more direct interaction
with the soil surface, improving estimation accuracy. Addi-
tionally, the temporal misalignment between Sentinel-1 and
Sentinel-2 acquisitions introduces additional uncertainty in
soil moisture estimation due to changes in VWC. VWC is
highly dynamic and can fluctuate on diurnal and sub-
daily timescales, driven by environmental factors such as
rainfall, irrigation, and temperature changes. Although
the less-than-five-day time lag helps reduce mismatches, it
does not eliminate the discrepancies between the observed

radar and optical signals. These variations in VWC may
particularly affect the interpretation of results during peri-
ods of rapid vegetation growth or stress, potentially influ-
encing the accuracy of soil moisture estimation. Future
studies should explore methods to minimize these uncer-
tainties, such as using observations acquired closer in time
or integrating auxiliary data that capture sub-daily VWC
variations. It is also important to acknowledge a key limi-
tation of machine learning models: their performance heav-
ily depends on the quality and quantity of the training
data. While high-quality, localized datasets improve accu-
racy and reliability, the effectiveness of these models can
vary significantly based on the specific characteristics of
the data they are trained on. Additionally, improper selec-
tion or adjustment of model parameters can hinder the
ability to achieve optimal accuracy, making careful calibra-
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tion and fine-tuning essential. Although the employed
methods demonstrated strong performance within the
study area, its applicability to other regions with different
vegetation types, climates, and soil properties requires fur-
ther investigation. Future research should focus on testing
these approaches in diverse regions, incorporating broader
datasets, and developing transferable models. Such efforts
would enhance the generalizability of soil moisture estima-
tion methods across varying environmental conditions and
mitigate the limitations associated with localized model
training.

5. Conclusion

Two machine learning algorithms, Random Forest (RF)
and Support Vector Regression (SVR), were employed to
estimate near-surface soil moisture at 10 m resolution in
the Yanco study area of Australia from combined
Sentinel-1 SAR and Sentinel-2 optical imagery collected
from March 2016 to August 2020. A total of 270 features
were generated: 249 features from the 10 bands of
Sentinel-2 optical images and 8 features from the two
polarizations of Sentinel-1 SAR data. A seasonal feature
selection approach was considered based on the correlation
of the features with soil moisture, and then employing the
SFS model with the RF algorithm (with default hyperpa-
rameters) to select the most important features for each
season. The results showed that with only 5 features, the
average lowest RMSE (0.06 m*/m?) and highest correlation
(0.65) for soil moisture estimation could be achieved. How-
ever, the importance of seasonal feature selection was high-
lighted, showing that the optimal features may vary across
different seasons, with the Local Incidence Angle (LIA)

being the only feature consistently important across all sea-
sons. Moreover, vegetation played a critical role in feature
selection: in seasons with lower vegetation, such as autumn
and summer, VV backscatter was more influential, while in
denser vegetation seasons like winter and spring, VH
backscatter was more prominent. Additionally, indices
derived from Sentinel-1 images were particularly important
in winter, likely due to the impact of plant water content on
radar backscatter.

Results of soil moisture estimation using the RF and
SVR algorithms with tuned hyperparameters and the opti-
mal number of features showed that the RF model consis-
tently outperformed the SVR model. This was particularly
notable in autumn, where it achieved the highest accuracy
with an RMSE of 0.05 m®/m?®, while the lowest accuracy
was observed in winter, with an RMSE of 0.07 m’/m?.
Additionally, the findings underscored the challenge of
accurately estimating soil moisture at higher moisture
levels, where SAR backscatter has a reduced sensitivity,
and further exacerbated by the scarcity of training data
in these conditions. Despite these limitations, the study
provided valuable insights into the potential of machine
learning algorithms combined with multi-sensor data for
improving soil moisture estimation, particularly when tai-
lored to seasonal variations. It is important to note that
these conclusions are based on data from the Yanco study
area, and further validation in diverse environmental con-
ditions is needed to confirm the robustness of these meth-
ods. Future research could focus on expanding the
training dataset and exploring additional features or alter-
native machine learning approaches to further enhance the
accuracy of soil moisture estimation across different cli-
matic regimes. Furthermore, the temporal misalignment
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between Sentinel-1 and Sentinel-2 acquisitions, due to the
less-than-five-day time lag, poses a limitation, as dynamic
changes in vegetation water content during this period
may affect soil moisture estimation accuracy. Future work
should aim to mitigate this uncertainty, potentially through
the use of multi-sensor data with higher temporal resolu-
tion or the integration of models capable of accounting
for diurnal VWC variations.
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