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Abstract

A high-resolution soil moisture prediction method has recently gained its importance in
various field such as forestry, agricultural and land management. However, accurate, robust
and non- cost prohibitive spatially monitoring of soil moisture is challenging. In this research,
a new approach involving the use of advance machine learning (ML) models, and multi-
sensor data fusion including Sentinel-1(S1) C-band dual polarimetric synthetic aperture radar
(SAR), Sentinel-2 (S2) multispectral data, and ALOS Global Digital Surface Model (ALOS
DSM) to predict precisely soil moisture at 10m spatial reso':'tiv,> across research areas in
Australia. The total of 52 predictor variables generated fio1.> S1, S2 and ALOS DSM data
fusion, including vegetation indices, soil indices, watar ;~dex, SAR transformation indices,
ALOS DSM derived indices like digital model el.va.'on (DEM), slope, and topographic
wetness index (TWI). The field soil data frc m wWestern Australia was employed. The
performance capability of extreme gracen* boosting regression (XGBR) together with the
genetic algorithm (GA) optimizer for features selection and optimization for soil moisture
prediction in bare lands was examine' <nd compared with various scenarios and ML models.
The proposed model (the XGE ?-GA model) with 21 optimal features obtained from GA was
yielded the highest performa~r: (R*= 0. 891; RMSE= 0.875%) compared to random forest
regression (RFR), supp.ort vector machine (SVM), and CatBoost gradient bosting regression
(CBR). Conclusively, the new approach using the XGBR-GA with features from combination
of reliable free-of-charge remotely sensed data from Sentinel and ALOS imagery can
effectively estimate the spatial variability of soil moisture. The described framework can
further support precision agriculture and drought resilience programs via water use efficiency
and smart irrigation management for crop production.
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1. Introduction

Soil moisture (SM) has played vital roles in hydrological state and ecological processes
which affects energy, water, and carbon cycles such as evaporation, transpiration, diversity
and rainfall-runoff of various ecosystems (Agren et al., 2021; efBabaeian et al., 2021;
Robinson et al., 2008). Soil moisture is also a crucial predictor indicator for identify crop
water stress, which helps agricultural drought monitoring. Thorough knowledge about the
spatiotemporal patterns of SM is of essential importance for vnderstanding water budgets in
hydrological systems which helps prevent agricultural drougtit p: "blems, water vulnerability,
the issues of water shortage, and improve properly c(rop production across the world
(Chaudhary et al., 2021; Tuller et al., 2019). Traditiona! ground techniques of soil moisture
based on field experiments, in-situ soil sensing i~<t.umeritation, and geophysical and mobile
sensing (Cheng et al., 2022; Robinson et al., ?008). The disadvantages of these method are
high cost with small-scale monitoring. " emotely sensed measurements including active
remote sensing and passive remots <ei.cing recently have employed effectively for SM
monitoring globally (Chaudhary et ! , 2021; Cheng et al., 2022; Dubois et al., 2021; Prasad
et al., 2018; Warner et al., 2C?1,. At present, various satellite systems via microwave remote
sensing like Soil Moisture ~.~tive Passive (SMAP) (Entekhabi et al., 2010), Advanced Scatter
meter (ASCAT) (Wagnei et al., 2013), and Soil Moisture and Ocean Salinity (SMOS) (Kerr
et al., 2001) have been explored for global SM monitoring with spatial resolutions of 10km,
50km, and 35km, respectively. With the low spatial resolution, SM data obtained from these
aforementioned missions have not been used widely in farm scales for agricultural

management.

Recent advances in earth observation technology such as using active and passive remote
sensing (RS) imagery have been dedicated to solving the problems of SM dynamics retrieval

on farming lands. Active remote sensing like Unmanned Aerial System (UAS) with highly
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flexible flight schedules and high spatial resolutions of images offer a great opportunity to
estimate the SM for farm-scales (efBabaeian et al., 2021). The application of high-resolution
about 2m images from airborne LIDAR can accurately estimate the SM dynamics to support
precision agriculture production (Agren et al., 2021). However, the deployment of UAS and
LIDAR have struggled with some obstacles such as limited fight time, high operation cost,
and challenges with hyperspectral images processing which limits the application of active

RS for SM monitoring (Gago et al., 2015).

Multispectral remote sensing sensors such as Sentinel 1 and Sentinel 2 datasets from
European earth observation program Copernicus hav> e nployed recently to capture
effectively the SM content in several agricultural «rec~ across the world with the spatial
resolution of 10-100m (El Hajj et al., 2017; =~a.ganos et al., 2018). The free-of-charge
imagery from Sentinel date at high spatial ai.1 temporal resolutions are a proper solution to
address the challenges of hyperspectral in.: aes in agricultural SM prediction. The C-band of
the Sentinel-1A and-1B Synthetic /erwre Radar (SAR), and vegetation and soil indices
from Sentinel -2A and -2B hav:: been generated to estimate SM properties at high spatial
resolution in the pilot scale (\ks2y et al., 2021; El Hajj et al., 2017; Karthikeyan & Mishra,
2021; Ma et al., 2021; Prasa et al., 2018; Schonauer et al., 2021; Senanayake et al., 2021). In
addition, terrain indices ‘rom digital elevation (DEM) models such as slope, topographic
wetness index (TWI), and death-to-water (DTW) index have also been used to predict the
agricultural SM (Agren et al., 2021; Murphy et al., 2008). Topo-hydrological indicators
generated from high-resolution DEM data illustrated high correlations with soil properties
and soil moistures by capturing the hydrological processes’ characteristics of specific sites
(Zhao et al., 2021; Zhou et al., 2020). According to Florinsky et al., (2002), soil properties
including soil moisture have a significant relationship with topographic attributes, especially

in agricultural landscapes.



Machine learning techniques are already commonly applied to handle diverse and large
volumes of remote-sensing datasets, with very high performances (Carranza et al., 2021;
Gomez et al., 2020; Gomez et al., 2021; Hosoda et al., 2020; Karthikeyan & Mishra, 2021;
Ma et al., 2021; Prasad et al., 2018; Schmidt et al., 2020). Artificial intelligence techniques
such as random forest regression (RFR), support vector machine (SVM), extreme gradient
boosting regression (XGBR), CatBoost gradient boosting regression (CBR) have been
employed widely to estimate soil moisture products with high prediction accuracy (Agren et
al., 2021; Carranza et al., 2021; Senanayake et al., 2021). The PFr algorithm performed well
to predict the field-scale of soil moisture in China usiny u.~manned aerial vehicle (UAV)
imagery with coefficient determination (R?) of 0.91 (e :t al., 2019). The XGBR technique
was used to estimate the SM dynamics in Swedish foicst landscape using multiple LIDAR
derived digital terrain indices with high per“oi.n2.1ce values compared to RFR and SVM
(Agren et al., 2021). In general, ML a!ori.nms provide a substantial potential for the SM
estimation accurately. In this study, a .~ew approach for soil moisture monitoring using the
combination of three free-of-cha~~e ~r.d high-resolution remote sensing datasets including
Sentinel 1, Sentinel 2, and ALYS LUSM was presented to estimate the soil moisture in field-
scale. Four well-known M. ulgorithms including RFR, SVM, XGBR, and CBR were
employed to test the pe: “arinance of predictor variables from these datasets. The optimisation
of hyper-parameters tunning and the selection of predictor variables during the construction
phase of the ML techniques was applied to improve the performance of ML models. This
study aims to: (1) assess the correlation of prediction indicators derived from multi-spectral
images, SAR datasets, and ALOS DSM in the SM retrieval; (2) select and optimize features
from these indicators using genetic algorithm (GA) and XGBR; (3) evaluate the prediction
performance of the selected ML model (XGBR) with various scenarios of data-fusion level in

the SM prediction while exploring the effectiveness of GA feature optimization on the ML



model in mapping the SM content at 10 m spatial resolution; and (4) compare the estimation
accuracy of XGBR model with other three well-know ML models using optimal features. The
novel framework will be expanded to other field-scales or regional scales to build the SM
map, which provides valuable data for different stakeholders like water managers, local

authorities, and landholders to practice precision agriculture.

2. Materials and methods

2.1. Study area and soil sample collection

The study sites are located in the Wests, Goomalling shire (I titv Je coordinate: -31°18'S and
longitude coordinate: 116° 49' E), and Cookies area - Nurti.o:i1 shire (latitude: -31° 39' S, and
longitude: 116° 39" E) in the agricultural region of \'/est:rn Australia (WA). The WA has a
diverse type of agricultural production includ'ne vegetable industries which contributes a
majority of total value of agricultural proriu.tio:. in the region. Pastoral and cropping are two
key agricultural practices in the WA (Kingw:ll et al., 2020). According to Australian Bureau
of Agricultural and Resource Econ w2, high-rainfall, wheat-sheep, and pastoral zones are
the main agricultural climatic zo:.~s in Australian (Salim & Islam, 2010). The type of climate
in the WA is a Mediterranean ('imate where is hot and dry in summer, and cool and wet in
winter seasons. The rainall <eason is from April and October which ranges between 300 and

600 mm (Kingwell et al , 2020).
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Figure 1. Location of the study sites anc sampling points in Wests and Cookies area

Soil sampling points were selected frcm a binary land-use classification map which was
produced by extreme gradient boosting classification from high spatial resolution Google
Earth imagery and Sentinel z ‘magery. Nguyen et al., (2022) illustrated the detail of soil
samples selection using *~e cinary map. The active learning technique in remote sensing
classification was usea *0 assist in the selection of soil samples, which helps reduce the
influence of vegetation on SM contents (Fu et al., 2010). Forty bare-soil sampling areas with
a pixel (size of 10m x 10m) across the study locations (20 points for each plot) were
identified from the binary map (Figure 1). A Differential Global Positioning System (DGPS)
was applied for accurately the samples’ location identification with an accuracy of 1-3 cm
(Michalski & Czajewski, 2004). The soil samples were taken in April 2021. There are four

soil cores being taken in each sampling area to a depth of 7cm from each experimental block



by a standard tube of 7.3 cm in diameter. The soil samples were sent to the laboratory for soil

moisture analysis by oven drying method from Standards Association of Australia.

2.2. Research framework

The research framework consists of five main steps (Fig. 2): (1) collecting surface soil dataset
(0-10cm) from the binary land-use classification map; (2) generating predictor indicators
from optical (Sentinel 2), synthetic aperture radar (Sentinel 1), and terrain indices derived
from ALOS DSM; (3) computing Pearson’s correlation analys < and feature selection using
genetic algorithm; (4) evaluating the performance of the X =BF. model with five different
scenarios developed from features derived from S1, S”. a.2 ALOS DSM with 70% of SM
measured dataset used for models’ training and 20%, for models’ validation; and (5)
comparing the performance of the XGBR mo e’ with other ML techniques using optimal

features and building the SM dynamics m-p ‘or :he study areas.
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Figure 2. A novel generated framework of SM estimation using multi-sensor data fusion and

ML approach

2.3. Remote sensing data acquisition and image processing

2.3.1. Data acquisition

In this research, soil moisture predictor variables were computed from S-2 multispectral

satellite data, S-1 C-band dual polarimetric SAR imagery, and ALOS DSM (table 1). While



Sentinel 1 and Sentinel 2 images were downloaded from the Copernicus Open Access Hub
from European Space Agency (ESA), the ALOS DSM 30m imagery was acquired from
JAXA Earth Observation Research Centre. The SNAP Sentinel Application Platform toolbox
were used for both Sentinel datasets processing, whereas ArcGIS 10.4 was employed to
process ALOS imagery and compute the ALOS-DSM derived features. All images were
resampled to a ground sampling distance (GSD) of 10 m and geocoded in the same projection
of World Geodetic System (WGS84) - Universal Transverse Mercator (UTM) zone 50 South

(508S).

Table 1. Remote sensing data acquisition for the study are s

Sensor Scene / Tile ID Acquisition  Process Spatial Spectral
date ing resolution  band/
ralds
(mon*ta/diy/  level (m) polarization
year)

S-2 50JML U /17/2021  1C 10 - 20 13
multispectral
bands

S-1 S1B IW_GRL:'1S  04/27/2021 GRD 10 Dual-

DV polarization
(VV and VH)
ALOS- AW3D30 04/01/2021 30m
DSM

Source: European Space Agency ESA, 2021 and JAXA Earth Observation Research Centre
2.3.2. Sentinel images processing

The S-2 image was processed via four main steps which presented in the Figure 3. Ten

multispectral bands were extracted for the study including B2, B3, B4, B5, B6, B7, B8, B8A,
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B11, and B12. Vegetation indices, soil indices, and water index were computed by thematic
land processing function in the SNAP toolbox (Pasqualotto et al., 2019). Vegetation, soil and
water indicators are presented as being sensitive to soil moisture content which recently were
used for soil moisture properties estimation (Jin et al., 2017). Predictor variables derived from
S-2 were illustrated in table 2 below. A total of 22 indicators were computed from S-2 for the

SM prediction.

S2 Level 1C Geocoded in a specific proj>ction
4 \
Level 2A Bottom atmospheric (BOA, cor ection using
Sen2Cor in SNAD

¢

Resampling to 10m resoluticz. and subset to 10 features

Ko

Thematic Land Pror ess’ag to Soil indices ,Vegetation
Radiometric mices and Water Index

Figure 3. The steps ni Senunel images processing using SNAP Toolbox
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Table 2. Vegetation, soil, and water predictor variables derived from Sentinel 2 (modified from (Pham et al., 2020))

Vegetation and Soil Index Acronyms S-2 band wavelengths References
Ratio Vegetation Index RVI NIR (Tucker, 1979)
Red
Normalized Difference Vegetation NDVI NIR — Red \ (Rouse et al.,
Index NIR + Red 1973)
Green Normalized Difference GNDVI NIR — Green \N\ (Gitelson et al.,
Vegetation Index NIR + Green 1996)
Normalized Difference Index using NDI45 RE1- Rel (Delegido et al.,
Bands 4 & 5 of S-2 FE1+ ed 2011)
Soil Adjusted Vegetation Index SAVI ; D) NIR — Red ) (Huete, 1988)
U Ry Rea L
L = 0.5 in most conditions
Inverted Red-Edge Chlorophyll = RE3 — Red (Frampton et al.,
Index RE1/RE2 2013)
Modified Chlorophyll Absorption in MCARI [(RET —Red) — 0.2 x (RE1 — Green)] x (RE1 — NIR) (Daughtry et al.,
Reflectance Index 2000)
Brightness index Bl (Escadafal, 1989)

J(Red x Red) + (Green X Green)
2

12



Vegetation and Soil Index Acronyms S-2 band wavelengths References

Brightness index 2 BI2 J/ (Red x Red) + (Green X Green) + (NIRx NIR) (Escadafal, 1989)
2
Redness index RI Red x Red (Mathieu et al.,
Green X Green X Gre.on 1998)
Colour index Cl Red — G'.':‘-'!x__ ) (Mathieu et al.,
Red - Lreen 1998)
Normalized difference water index NDWI (NIR— S VIF)/(NIR + SWIR) (Gao, 1996)

Note: Band wavelengths of S-2: B2: Blue (492 nm), B3: Green (560 nm), B4: Red (66 /1)), 35: \"~u-edge 1 (RE1) (704 nm), B6: Red-edge 2 (RE2) (740 nm), B7: Red-edge 3 (RE3)

(783nm), B8: near-infrared (NIR) (833 nm), B8A: Narrow-NIR (865 nm), B11. short-v. avelength infrared (SWIR1) (1614 nm), and B12: SWIR2 (2202 nm).
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A radar module in the SNAP toolbox was used to process the S-1 imagery. There are seven
main stages involving the extraction of the SAR dataset for the SM monitoring. The first one
is to convert the S-1 raw data to scale backscatter coefficient (c°) in decibel (dB) and correct
the orbit file. The next steps are: (1) the removal of thermal and border noise; (2) radiometric
calibration; (3) speckle filtering; (4) the correction of range doppler terrain; (5) normalized
radar backscattering coefficient; and (6) the computation of SAR prediction variables
including two original bands from dual polarization (VH and VV); the five transformed
bands (VV/VH; VH/VV; VV-VH; VH-VV; (VV+VH)/2): an! the 20 new indicators

generated from VV and VH using the GLMC algorithm.
2.3.3. ALOS image processing

The Advanced Land Observing Satellite (AL D<) was launched by the Japan Aerospace
Exploration Agency (JAXA) in 2006. JA.A.\ tc"ently provided the product of ALOS-DSM
which is one of the newest remote sensing-cased DEM. The ALOS-DSM has two kinds of
resolution. ALOS-DSM with the r:s2.:tion of 30m is a free-of-charge dataset and higher
prediction performance compa.~d 10 Reflection Radiometer (ASTER) Global Digital
Elevation Model (GDEM) AS =R GDEM and Shuttle Radar Topography Mission Digital
Elevation Model (SR1M-1 EM) (Nikolakopoulos, 2020). DEM and SLOPE derived
indicators were genera*~d by raster processing and calculation in ArcGIS 10.4. Figure 4
shows the elevation of the study sites which ranges from 139 m to 480 m and slope is

between 0 and 87 degree.
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Topographic Wetness Index (TWI) generated from digital elevation model (DEM) have been
used for soil moisture estimation because TWI is helpful to identify the place where water is
accumulated in the specific area with the differences of elevation. TWI highlights the terrain-
driven balance of the catchment water supply and the water drainage of specific local areas.
However, there are various algorithms such as a flow accumulation, a flow width, or a slope
algorithm can be employed to compute TWI. It should be select the best one that the TWI
obtain the high correlation with soil moisture content. The best TWI for soil moisture
prediction is Freeman flow algorithm, local slope, and the equa! c.'! size of flow width which

~

was generated by the following equation (Kopecky et al., 252").

Total catchment f R
TWI =In Flow Width (1)
tan(slope)

116°48'30"E 116°49'0"E
LN
-

& ‘:;ETF*H-] o E!"
i 5:‘1’_‘;2% 1
T
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31°34°30"S
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| Legend
Topographic wetness index
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Figure 5. TWI mapping in the study site
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2.3.3. Prediction scenarios

The prediction accuracy of ML techniques was tested with different scenarios which were
developed based on the level of S-1, S-2, and ALOS DSM data fusion and the results from
feature selection and optimization using GA. The five scenarios were presented in Table 3.
While SC1 comprises of 22 indicators derived from S-2 and 3 indicators from ALOS-DSM,
SC2 includes 27 S1 features, and three features derived from ALOS-DSM. SC3 consists of
22 S-2 predictor variables and 27 S1 variables. SC4 contains “he total 52 features generated
from both S-1, S-2, and ALOS DSM. The potential of 21 opt ma. features from GA selection
for SM prediction was evaluated in SC5.The scenarios weve p esented in Table 3 below. The
aim of scenarios development was to evaluate the impoct of the level of different features
combinations and the application of feature selectinii algorithm on how well the SM dynamic

prediction went.

Table 3. Lists of developed scenarios for sor. moisture estimation

Scenario D a fusion Number of features
SC1 5-2+DEM 25
SC2 S-1+DEM 30
SC3 ~ S-1+S-2 49
SC4 S-1+S-2+DEM 52
SC5 S-1+S-2+DEM with feature selection 21

2.4. Machine learning algorithm

2.4.1. Extreme gradient boosting regression (XGBR)

Extreme gradient boosting technique is one of gradient tree boosting algorithms which

developed by Chen and Guestrin (2016). It has a high performance for supervised learning to
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handle both regression and classification problems (Ha et al., 2021). The extreme gradient
boosting regression (XGBR) algorithm is presented as a scalable end-to-end tree boosting
which has widely used to address data mining issues (Chen & Guestrin, 2016). The XGBR is
applied commonly because of its high execution speed with parallelization, out-of-core
computation, and cache optimization. Data scientists prefer using the ML model due to its
scalability in various scenarios, and its high performance for limited data studies. The XGBR
model has a large of number of hyperparameters such as learning rate, max_depth,
n_estimators, and gamma. which affects its performance. '~ ti.is study, Optimal XGBR
hyperparameters was explored by a Grid Search methoc w:*h five-fold CV by testing the

integration of hyperparameters.

2.4.2. Random forest regression (RFP}

The RFR algorithm is a well-known . criine learning algorithm and easily applied
effectively for various application dite to its simplicity to tune, train, and validate (Breiman,
2001). This ML model consists of 1 'v.Ze range of regression trees. Each regression tree is
developed by bootstrapped trair.ng samples from the input dataset which can helps reduce
the risk of overfitting issues o; ML algorithms. In generally, the samples will be separated
with about two-thirds ol the dataset (in-bag data) for the training samples and the others for
the validation samples (" ut-Of-Bag (OBB data) (Pham et al., 2020). Three crucial parameters
of RFR includes the number of regression trees generated from the bootstrap sample of the
observation, the number of prediction features at each node, and the minimal size of the

terminal nodes. The selection of these parameters can affect the performance of RFR.

2.4.3. Support vector machine (SVM)

The SVM algorithm was developed by Cortes and Vapnik (1995). It is one of the most

popular supervised learning techniques using the kernel approach and statistical theory,
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which can handle for classification, regression, and outlier’s detection problems (Cortes &
Vapnik, 1995; Cristianini & Ricci, 2008). While the SVM can applied effectively to death
with non-linear problems, this technique does not obtain high performances with a noisy and
overlapped dataset. Regularization parameter, the kernel function, and gamma controlling the
overfitting are three main hyper-parameters of the SVM model which influences the
prediction accuracy of this technique. Four types of kernel function for the SVM are
polynomial, sigmoid, linear and radial basis function. The grid search with a five-fold CV
was employed to identify the optimal hyper-parameters of ~~cn ML algorithm in Jupyter

Notebook environment.

2.4.4. CatBoost gradient boosting regression (C8R)

CBR is known as a family member of gradie it vcosted decision trees (GBDT’s). It is an
interdisciplinary approach for classificati~in anu regression tasks in time-series and big data
(Hancock & Khoshgoftaar, 2020). It can alsc solve and minimize the issue of over-fitting by
identifying the best tree structure 0. ‘e calculation of the leaf values (Dorogush et al.,
2018). CBR have recently beer vmployed for soil parameters and soil carbon estimation (Xu
et al.). Max depth, learning raw.. and the number of iterations is the key hyper-parameters of
the CBR model. It is sinilar to XGBR, important hyper-parameters were tuned by
hyperparameter tuning '*<.ng grid search with five-fold CV to select optimal ones which helps

improve the CBR model performance.

2.5. Genetic algorithm (GA) for feature selection

Features selection is vital for the ML model’s performance. It also helps simplify the
models, reduce the time for training and testing model, and address overfitting issues. A
genetic algorithm with the XGBR method was employed to determine automatically

optimal indicators for the SM content retrieval in the study from the total of 52 variables
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derived from selected RS missions. GA implementation includes the following stages: (1)
population formation from soil samples; (2) generation of a mating pool based on the
highest fitness individual values; (3) the selection of parents from the mating pool by
random selection methods; and (4) the generation of parents’ offspring using crossover and
mutation operators. The selected generation with optimal features illustrates the lowest root
mean squared error, RMSE. In this research, firstly, the prediction accuracy of the four ML
algorithms including XGBR, CBR, RFR, and SVM were tested with all 52 generated
features. The best predictive model was used with GA to s2'ac. the optimal features. The
prediction performance of selected ML models using th: o timal features were then tested
and compared. The prediction accuracy of ML moc=ls far soil properties can be improved

with the use of the GA for the selection of predictor va. ‘ables (Xie et al., 2015).
2.6. Model performance evaluation

To assess the model performance of the soil .noisture estimation, two standard testing criteria
were used to evaluate the performénre <f ML techniques with various scenarios including:
the root mean square error (RMSX), and the coefficient of determination (R?). Superior model
performance illustrates the higi.>r R* and lower RMSE. These criteria are assessed using the

equations below:

RMSE = V- I, (R — 0;)’ )

2 _ Z?:l{pi_o_l]
R  XIL,(0i-0y) ©)

Where: n indicates the number of soil samples; P; and O; illustrate the predicted SM value

and measured SM value of the i sample, respectively.

Akaike’s Information Criterion (AIC) and the Bayesian Information Criterion (BIC) indicator

were employed to compare the performance of difference ML models for soil moisture
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estimation. Lower AIC and BIC values illustrated the better prediction accuracy of regression

models (Claeskens and Hjort, 2008). These indicators were evaluated using Equation 4 and 5

below:
AIC =n * log (SSE/n) + 2K 4)
BIC =n *log (SSE/n) + log(n)*K (5)

Where: SSE illustrates the sum of squares errors; n indicates the number ¢ soil samples, and

K presents the parameter’s number.

3. Results and discussion

3.1. Correlation analysis of predictor indicator’, «"a measured SM

The relationship between the input features wu.rived from S-1, S-2, ALOS-DSM and
measured SM content was computed by P--rsc’s correlation coefficient method. According
to Table 4, indicators derived from ALOS imagery have a higher correlation with the SM
content compared to other indicator.. .*hile DEM and Slope obtained negative correlations,
TWI illustrated a positive correlation with the SM. All vegetation indices generated from S-2
demonstrated negative correlaion with the SM content. Some these indices revealed higher
correlations with the S\V cor tent including NDVI, SAVI, and IRECI. Colour index from soil
indices had a higher cor elation to the SM compared to another Sls. NDWI confirmed a
negative and high relationship with the estimation of SM. Regarding to the S-1 derived
indicators, most transformation bands obtained weak correlations with the SM content,
however; VV, VH, and most GLCM textures from VV confirmed strong relationships with
the measured SM.

Table 4. Pearson’s correlation analysis of input variables and measured SM

Input variables Correlation Input variables Correlation
coefficient (r) coefficient (r)
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Input variables Correlation Input variables Correlation

coefficient (r) coefficient (r)
B2 0.005 VV-VH 0.076
B3 -0.046 VV/VH -0.045
B4 0.087 VH/IVV 0.045
B5 0.064 VH_Contrast -0.073
B6 -0.155 VH_Dissimil rity -0.045
B7 -0.247 VH_Hoi. ngeneity 0.022
B8 -0.279 VH _Anguiar Second -0.037
VAo ent
B8A -0.355 "~ \H_Energy -0.002
B11l 0.049 VH_Maximum Probability -0.009
NDWI -0.366 VH_Entropy -0.014
B12 0125 VH_GLCM Mean -0.437
RVI -0.28y VH_GLCM Variance -0.440
NDVI -0..02 VH_GLCM Correlation ~ 0.042
GNDVI -0.249 VV_Contrast -0.328
NDI145 -0.055 VV_Dissimilarity -0.382
SAVI -0.499 VV_Homo-geneity 0.401
MCARI -0.070 VV_Angular Second 0.332
Moment
IRECI -0.568 VV_Energy 0.352
BI 0.031 VV_Maximum Probability 0.311
BI2 -0.111 VV_Entropy -0.377
Cl -0.329 VV_GLCM Mean -0.415
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Input variables Correlation Input variables Correlation

coefficient (r) coefficient (r)
RI 0.142 VV_GLCM Variance -0.414
VH -0.414 VV_GLCM Correlation 0.311
vV -0.347 DEM -0.616
(VH+VV)/2 -0.403 Slope -0.495
VH-VV -0.083 TWI 0.368

3.2.  Evaluation and comparison of scenarios and differe > ML models

The proposed XGBR model was trained and tested with fiv~ sc2rarios which were developed
by various features extracted from S-1, S-2 and ALOS T SM (Table 5). The genetic algorithm
implementation was performed with 1000 times to sc'sct the best subset comprising of 21
optimal predictors out of 52 variables with RM.3F. b:ing 0.88. The SC5 with optimal number
of features including seven vegetatior inlices ( NDWI, RVI, NDVI, GNDVI, SAVI,
MCARI, IREC1), 11 S-1 deriveu indicators (VH, VV, MeanVHVV, VV_Contrast,
VV_Dissimilarity, VV_Homogencily, VV_Angular Second Moment, VV_Energy,
VV_Maximum Probability, V\"_ttropy, VV_GLMC Correlation), and both three variables
from ALOS DSM vyielded i~e hiyhest SM estimation accuracy with the highest R? of 0.891 in
the validation phase .~d .\»e ;owest RMSE of 0.875% , followed by SC4 with the maximum
number of features extracted from selected sensors.. A combination of S-2 and ALOS DSM
derived predictor features illustrated a higher performance than the combination of S1 and

DEM and S-1 and S-2 generated indicators.
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Table 5. Model performance of the XGBR technique in five scenarios

Scenario (SC) Number of features R? testing RMSE
(30%) (%)
SC1 25 0.757 1.307
SC2 30 0.627 1.621
SC3 49 0.469 1.934
sc4 52 0.783 1.236
SC5 21 0.891 0.875

Three well-known ML techniques 1 <luding CBR, RFR, and SVM were employed to
compare the accurate estimatic® o1 the SM content with the proposed XGBR-GA model
using multi-source EO data 1.-siua. The comparison of ML techniques was conducted with
optimal features derivec frcm S-1, S-2, and ALOS DSM. According to table 6, gradient
boosting regression algo ithms (XGBR) outperformed RFR and SVM. While XGBR-GA
achieved a highest prediction accuracy with R? = 0.891 and RMSE = 0.875, followed by CBR
with R* = 0.789 and RMSE = 1.217 and SVM with R* = 0.493 and RMSE = 1.850. The RFR
produced a lowest prediction performance with R* = 0.368 and RMSE = 2.491. Moreover,
the XGBR-GA also presented lowest value of AIC and BIC compared to CBR, RFR and

SVM.
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Table 6. Performance comparison of ML algorithms on agricultural SM estimation

- - 2
No Machine learning model R testing RMSE AIC BIC
(30%) (%)

1 Extreme gradient boosting 0.891 0.875 155.36 194.21
regression with GA (XGBR-
GA)

2 CatBoost gradient boosting 0.789 1.7 157.72 198.46
regression with GA (CBR-
GA)

3 Random Forest regression 0.368 2491 186.49 226.54
with GA (RFR-GA)

4 Support Vector Machine 0.493 1.850 179.58 218.50
regression with GA (SVM-
GA)

Figure 6 presents the scatter plots of u.~ estimated versus measured the SM content from four

well-known ML techniques in *2stn.j phase using optimal features. The XGBR vyielded a

better prediction with optim:! variables extracted from these multiple sensors using the

genetic algorithm compzrea ‘o CBR, RFR, and SVM. The proposed model using XGBR and

GA indicates an R? value >f 0.891, showing a higher prediction result compared to recent SM

monitoring studies with R? reached 0.83 in SM prediction study using S1 and Landsat-7 data

in Egypt (Mohamed et al., 2020) and R? of 0.72 in surface soil moisture estimation using S1

and S2 in India (Tripathi & Tiwari, 2020).
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Figure 6. Scatter plots of the measui >4 SM and estimated SM using (a) XGBR-GA, (b)

CBR-GA, (c) RFR-GA, (d) and VI - GA.

3.3.  Spatial distribu‘ion patterns of SM maps

Based on scenario 5, the spatial dynamics of SM maps built for the Wests and Cookies areas
using S-1, S-2, and ALOS DSM data fusion by the XGBR-GA model are revealed in Fig. 7.
The XGBR model for the SM prediction in bare-soil pixels obtained the low level of
uncertainty and stable prediction capabilities with the low standard deviation value. The
proposed moisture prediction model using the XGBR-GA should be calibrated and tested
with large-scale earth observation data, over several of land-use types, and various soil-

depths.
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Figure 7. Maps of SM content in study areas: (a) Wests and (b) Cookies using XGBR-GA

combined data fusion.
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3.4. Relative importance of SM prediction indicators

The estimation accuracy of the SM content has been greatly affected by predictor indicators
selection and machine learning algorithm. The higher level of data fusion with optimal feature
selection using the GA illustrated better prediction performance for retrieving the SM content.
The XGBR had a higher capability to predict the SM pattern. The study also indicated that the
GA could help improve the prediction accuracy of the SM estimation which is similar with
the results from recent studies using ML models and GA for soil properties estimation (Xie et
al., 2015). The successful application of ML models and big dai.. from RS imagery in the SM
prediction has been presented in much research at the remic2, national and global scale
(Carranza et al., 2021; Chaudhary et al., 2021; Cheng et "l., 2022; Fang et al., 2021; Ma et al.,
2021; Senanayake et al., 2021). The relative importai.~2 of optimal features using the GA is
presented in Fig. 8. ALOS DSM-derived terrz'r ir dices played important roles in the SM
prediction. Terrain variables were also mantioned as important indices for the SM prediction
in previous studies (Agren et al., 2022 Leempoel et al., 2015; Zhao et al., 2021). In addition,
dual polarization VV, VH, and GLCM extures derived from S-1 are also crucial indices for
the SM prediction. The SAR-Yas>d prediction indices can improve the estimation of soil
moisture (EI Hajj et al., 2C*7; 1ia et al., 2020; Zhao et al., 2021). VH was illustrated as the
most sensitive index r the SM retrieval in this study. Vegetation indices were selected as
optimal features for the SM prediction such as the normalizer difference vegetation index
(NDVI), and soil adjusted vegetation index (SAVI) which have been applied for not only
vegetation classification, but also further indirectly the SM estimation (Kogan, 1995; Reza et
al., 2020). Normalized difference water index (NDWI) from Sentinel 2 also highly correlated
with the SM content (Ma et al., 2020). The soil moisture prediction model using the XGBR-
GA should be calibrated and tested with large-scale earth observation data, over several of

land-use types, and various soil-depths.
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Figure 8. Variable importance of v, timal features derived from multi-source EO data.

4. Conclusion

The present work presented a novel framework using the predictor variables from Sentinel
datasets at 10m and ALC S L 5M at 30m spatial resolution with a state-of-art machine learning
technique (XGBR) and G A for the SM prediction. It is used for estimating the SM content in
study sites of Western Australia. It can be seen that the combination of the selected remote
sensing dataset illustrated to be very effective for the SM prediction. High level of data fusion
and the GA method for optimal features selection showed remarkably better prediction
accuracy than single sensor derived features or scenarios without feature optimization. The
XGBR model with 21 optimal prediction variables using genetic algorithm approach
illustrated the highest prediction performance (R*=0.891, RMSE= 0.875%). In addition, the

proposed XGBR model combined with GA algorithm for variables selected can produce SM
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maps at 10m spatial resolution using freely remote sensing datasets with a precise accuracy at
different scales from field plots to region areas. VH and DEM had the highest relative
importance in predicting the SM dynamics. The proposed model should be tested in large-
scale areas with various land-use characteristics in further studies. In conclusion, this SM
pattern monitoring approach can assist agricultural drought monitoring, the development of
appropriate water management strategies, and precision agriculture in terms of climate

change.
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