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ABSTRACT

Soil moisture plays a vital role in water resources management related applications. Nevertheless, the coarse
resolution of satellite-based surface soil moisture products has limited applications at field-scale, for
example, precision agriculture. The current Sentinel-1 satellite mission provides soil moisture products at
1km resolution, which is still not matching the need at field scales. Therefore, the spatial downscaling
approach was applied to downscale coarse resolution (1km) satellite surface soil moisture (SSM) products
to high resolution (15 cm) utilising UAS measurements using the random forest (RF) machine learning-
based model.

In this study, the RF model was trained using various configurations of input data prepared with remotely
sensed SSM and ancillary land surface parameters of LST, DEM and NDVI. The performance of different
trained RF models was evaluated to find out which RF model could represent the best relationship of SSM
and surface parameters with the best capability for the prediction of SSM. The results indicated that all
trained RF models have good performances. However, the trained RF model using 2018 - 2019 dataset on
78 km by 78km spatial extent outperformed the others with the highest correlation coefficient (R ) of 0.83
and RMSE of 12.13 %. Therefore, this trained RF model was considered for further process and was applied
with the land surface features derived from UAS imageries to predict the SSM at 15cm resolution at noon
and sunrise time.

The trained RF model can also identify the relative importance of land sutface parameters /features in
predicting SSM. It was found that the LST has a higher impact than other features, while DEM being the
least influential. The downscaled SSM can capture the spatial pattern of SSM at noon and sunrise time, when
compared with the in situ measurements from the study area in Monte Cilento Sub catchment in Alento
Catchment, Italy. The averaged ubRMSE, RMSE and R are reported 0.07 cm?/cm?, 0.21 cm?/cm?, and 0.60
respectively. Notably, all statistical metrics showed acceptable results even though the average of ubRMSE
does not reach the SMAP and Global Climate Observing System (GCOS) mission accuracy target of 0.04
cm?®/cm’ for soil moisture due to the downscaled SSM products were generated at 5 cm while the in situ
measurements were taken at 15 cm.

In summary, this study successfully generates high spatial resolution SSM data from coarse-scale satellite
products by integrating UAS measurements and RF model as a downscaling approach. The generated soil
moisture products could provide useful information for better agricultural management in Monteforte

Cilento sub-catchment in Alento River catchment.

Keywords: Surface soil moisture; land surface parameters; spatial downscaling; Random forest; UAS

measurements
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SPATIAL DOWNSCALING OF SATELLITE SOIL MOISTURE UTILISING HIGH-RESOLUTION UAS DATA OVER ALENTO CATCHMENT IN ITALY

1. INTRODUCTION

11.  Background

Soil moisture is an important variable which plays a crucial role in land-atmosphere interactions (Ochsner
et al,, 2013). It is defined as the amount of water in the unsaturated zone (Hillel et al., 1998) and can also be
considered as surface soil moisture on the top few centimetres soil (Bauer-Marschallinger & Schaufler,
2018). The surface soil moisture (SSM) has potential value for water management studies and applications
(Zhao et al,, 2018a). It is necessary to get accurate information on surface soil moisture (SSM) for
understanding the land-atmosphere processes.

The soil moisture information can be obtained from different sources such as in-situ measurements and
remote sensing observations. The most commonly applied in-situ measurement techniques are the time
domain reflectometry (TDR) and gravimetric method (Luca Brocca et al., 2017). However, they are not
suitable to represent the spatial variability of soil moisture due to the heterogeneity nature of soil
properties(Sabaghy et al., 2018a). On the other hand, the remote sensing observations can provide the
spatiotemporal information of soil moisture on a global scale.

Nowadays, the soil moisture products can be derived from multiple satellites which use different sensors
such as the microwaves and optical or thermal infrared sensors. For example, Sentinel-1 C SAR products
have 1km spatial resolution SSM products (Bauer-Marschallinger & Schaufler, 2018) which is much higher
resolution than that of SMOS, SMAP products and other existing satellite-based soil moisture products.
Nevertheless, 1km spatial resolution is still not matching the needs at field scales (e.g. submeters for
precision agriculture) (Sabaghy et al., 2018a). There are still challenges to achieving high-resolution soil
moisture data at field scale (R6tzer et al., 2015) and the downscaling methods have been developed to obtain
needed spatial resolution (Zappa et al., 2019).

The spatial downscaling has been used to get high-resolution soil moisture data by combining different land
surface parameters and coarse satellite soil moisture (Kim et al., 2018). Sabaghy et al. (2018) found that it is
also efficient to combine satellite soil moisture products with high-resolution land surface parameters
derived from optical observations and radiometer observations. Peng et al. (2017) stated three main types
of spatial downscaling methods such as satellite-based method, geoinformation data-based method and
model-based method. The satellite-based techniques mostly use the high spatial resolution optical
observations and radiometer observations at higher frequencies combined with coarse resolution soil
moisture products to generate downscaled soil moisture data (Sabaghy et al., 2018a).

On the other hand, model predictions have also been used in the model and data-based downscaling
techniques to provide high spatial resolution soil moisture data (Peng et al., 2017a). Common methods are
data assimilation and machine learning. The data assimilation uses a model by considering the prior

information about the data and predict the outputs based on the initial values. At the same time, the machine
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learning approach takes into consideration the relationship between the soil moisture as the response
variable and land surface features/parameters as predictor variables (Sabaghy et al., 2018a). Specifically, the
machine learning model can be applied to the high-resolution land surface features/parameters by assuming
that considered relationship remains the same among different scales (Zappa et al., 2019).

Among the abovementioned existing spatial downscaling methods, Sabaghy et al. (2018) reported that the
existing techniques could downscale the coarse resolution soil moisture at required accuracy of RMSE which
is 0.04 cm? /cm? in the top 5 cm suggested by the SMAP science team (Entekhabi et al. .2010) and Global
Climate Observing System (GCOS) (Bauer-Marschallinger & Schaufler, 2018). The machine learning
methods are better than the current available downscaling methods, but radar-based techniques also provide
good accuracy (Sabaghy et al., 2018a). Previous studies showed that the Random Forest (RF) algorithm
approach is more suitable for downscaling the satellite products than other Machine learning
algorithms(Abbaszadeh et al., 2019).

This study aims to use (UAS) measurements to downscale the coarse surface soil moisture from one
kilometre to centimetres spatial resolution by using the Random Forest regression method. The main idea
is to establish a relationship between SSM and other land surface parameters. Then, apply the trained RF-
model with the high-resolution land surface parameters to obtain high-resolution SSM data. The input
datasets of Sentinel -1 1km SSM products and ancillary land surface parameters (LST, NDVI and DEM )
were collected from 2015 to 2019 to train the RF model. The unmanned aerial system (UAS) measurements
had been used for estimating the land surface parameters that are linked to soil moisture (Manfreda et al.,
2018). The UAS uses different types of sensors like thermal and hyperspectral sensors and gives high-
resolution images at low operational cost (Hsu & Chang, 2019). The downscaled results using UAS and RF

model were validated via comparing with the in situ soil moisture measurements collected in the study area.

1.2.  Research problem

Water resource management uses soil moisture information of different spatial scales for solving the related
problems. In 2018 there was a drought event in Europe, and soil moisture deficiency had affected different
sectors. Among others, the agricultural sector was the most affected over Alento catchment in Italy (EU
Science HUB, 2019). With enough information about soil moisture products, it is expected that one can
predict or propose the adaptation or mitigation measures to avoid the significant loss for farmers.

Many satellite missions have been developed to monitor and estimate the soil moisture products on a global
scale. The current relatively high spatial resolution (1km ) surface soil moisture (SSM) was still not matching
the need for field-scale applications (e.g., submeters for precision agriculture). The submeter resolution soil
moisture products could provide needed information for the agricultural management in Monteforte Cilento
sub-catchment in Alento River catchment. Nevertheless, it is still challenging to obtain the desired high

spatial resolution soil moisture data due to the spatial and temporal variability of soil moisture patterns.
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1.3.  Research objectives

The main objective of this study was to downscale the coarse resolution (1 km) surface soil moisture to high
resolution ( 15 cm) utilising Sentinel-1 C SAR SSM products combined with high-resolution land surface

parameters detrived from UAS' measurements.

Specific objectives are :

e To analyse the performance of the proposed Random forest downscaling approach.

e To downscale surface soil moisture products from coarse resolution to high resolution using

Random forest approach

e To validate the downscaled soil moisture products with ground soil moisture measurements.

14. Research questions

e What is the performance of the proposed downscaling approach?

e How do the land surface parameters and used method affect the accuracy of downscaled surface

soil moisture products?

e  What is the accuracy of downscaled SSM products when validating with ground measurements
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2. LITERATURE REVIEW

The spatial downscaling method is a procedure to get high-resolution images from coarse resolution images
(Sabaghy et al., 2018a). It is mainly based on the relationship between soil moisture and various surface
parameters. It is essential to select an appropriate downscaling method and surface parameters to downscale
coarse resolution soil moisture data. The next sections discussed more on soil moisture product, land
surface parameters which have a more significant impact on soil moisture variability, on how to use the UAS
measurement to get the land surface parameters, and lastly on the downscaling approaches and the detail of

the proposed Random forest approach for this study.

21.  Sentinel -1 surface soil moisture product

The Sentinel -1 surface soil moisture product is version 1 of the products provided by the European Space
Agency mission, and it is obtained from the observations from a constellation of two satellites as Sentinel-
1A and Sentinel-1B (Bauer-Marschallinger & Schaufler, 2018). The Synthetic Aperture Radar (SAR)
instrument is the main instrument carried by the Sentinel-1 spacecraft, and specific information can be
obtained from SAR images (Poullaouec et al., 2016).

The Sentinel-1 products have various applications among them water management and soil protection
(Poullaouec et al., 2016). TU Wien change detection method (Wagner et al., 2013) was used to retrieve
surface soil moisture products with 1km of spatial resolution from backscatter measurements.
Bauer-Marschallinger and Schaufler (2018) defined the surface soil moisture (SSM) as the relative water
content of the top few centimetres soil. The information on the dynamics of soil moisture is essential to
understand the processes in many environmental fields (for example, on the impact on agricultural

productivity ) (Bauer-Marschallinger & Schaufler, 2018).

2.2, Land surface parameters

It is crucial to establish the relationship between surface soil moisture (SSM) and the surface parameters in
the downscaling scheme (Song et al., 2014). Previous downscaling studies have demonstrated common land
surface parameters such as land surface temperature (LST), normalized difference vegetation index (NDVI)
and digital elevation model (DEM) in expressing their relationship with surface soil moisture (SSM) (Song
et al., 2014; Peng et al., 2016; Peng et al., 2017; Sabaghy et al., 2018a; Sabaghy et al., 2020).

In this study, the next section summarizes the role of those surface parameters for influencing the soil
moisture variability.

The normalized difference vegetation index (NDVI) is considered as a ratio between the visible (red ) and
near-infrared bands, and it is a standard index used to determine the vegetation characteristics (Bhandari et

al,, 2012).

10
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It is included to account the influence of vegetation dynamics on soil moisture variation at different space
and time scales (Abbaszadeh et al., 2019). It also shows the structure of the vegetation and is related to other
properties such as the leaf area index (LAI) which was defined by Borzuchowski and Schulz (2010) as the
total area of leaves per unit ground area. Hawley (1983) demonstrated that the presence of vegetation tends
to diminish the magnitude of soil moisture vatiations.

The land surface temperature (LST) represents the temperature measured at the Earth's surface, and it is a
crucial parameter which is used to detect the dynamics of land-surface processes (Zhengming, 1999; Dash
et al., 2002).) The soil moisture and land surface temperature are closely related as soil emission are
influenced by soil moisture and soil physical temperature (Pablos et al., 2016). The soil moisture atfects the
magnitude of surface temperature via its influence on emissivity(Sun & Pinker, 2004). The land surface

temperature is used to maintain the temporal dynamics of the soil moisture (Abbaszadeh et al., 2019).

Balasubramanian (2017) defined the Digital Elevation Model (DEM) as a digital representation of
topography. It gives topographic parameters such as elevation and slope. It affects the distribution of soil
moisture, particulatly in the topsoil layer and the elevation was known as one of the most useful topographic
features in many studies to downscale coarse-scale soil moisture (Crow et al., 2012).

In general, it is difficult to conclude the impact of land surface parameters on surface soil moisture variability.
Sometimes, one or more of these contributing parameters can be neglected due to the research objectives
over a given study area. This research considered land surface parameters mentioned above as most factors

of surface soil moisture variability and also based on the availability of UAV data in the study area.

2.3.  Unmanned aerial system measurement

Manfreda et al. (2018) reported on the use of Unmanned Aerial Systems (UAS) technology for
environmental monitoring and highlighted the potential of UAS imagery to provide information that is
useful in decision making and proper monitoring of hydrological processes. The next sections discuss the

description of UAS as well as data collection and processing of UAS measurements.

2.3.1. System description

The unmanned aerial system (UAS) is defined as a system which considers various components such as the
unmanned aerial vehicle (UAV) known as a drone, a ground-based controller, and a method of
communications between those components (Jeziorska, 2019). There are three main categories of the
unmanned aerial vehicle (UAV) such as fixed-wing, rotor and kite. The UAVs have an autopilot that controls
the flight, Global Navigation Satellite System ( GNSS) receiver, camera and an inertial platform (IMU),
those instruments are communicating with ground-based controller to provide the position of the images

during the acquisition. Figure 2.1 shows the basic components of an Unmanned Aircraft System.

11
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© 2015 Dan Gillins

Figure 2.1: Basic Components of an Unmanned Aerial System (Gillins et al., 2018)

2.3.2. Sensing Payloads

There are many types of sensors which can be installed on the unmanned aerial vehicle (UAV). In this study,
the focus was on hyperspectral and thermal sensors. Those sensors can be used to provide field
measurements which can be used to derive the land surfaces parameters related to soil moisture sensitivity
and dynamics (Jeziorska, 2019).

The thermal data was collected using the FLIR Tau thermal camera, which provided radiometric values that
later converted to land surface temperature values in degrees Celsius (Sagan et al., 2019). The land surface
temperature can be used to compute other surface parameters which have a relationship between them,
such as surface soil moisture or vegetation condition (Manfreda et al., 2018).

On the other hand, the Cubert hyperspectral camera was used to provide the biophysical measurements of

vegetation (e.g., NDVI ) and topographic information (DEM ) in the study area (Aasen et al., 2015).

2.3.3. Data collection and processing

Acquisition starts with the flight planning as it is essential to specify the drone characteristics, including the
camera/sensor type, and setting the extent of the study area. The weather conditions and ground sampling
distance may also be taken into consideration to get good images (Manfreda et al., 2018).

The UAV acquires the images at high overlap by using the grid flight plan. The ground control points are
needed for accurate georeferencing and can be collected using a GNSS receiver in the study area. All those
aspects affect data quality characteristics and further images processing. It is also essential to consider local

flight regulations.

12
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The data processing can be done using the dedicated software (eg.Pix4D, Agisoft Photoscan) to generate
the orthomosaic map depending on types of the camera. It is to note that the UAV images have been
acquired for this study, the data processing as explained in the above has been implemented to generate
orthomosaic maps, which was further used to retrieve land surface parameters (i.e., LST, NDVI and DEM)

at 15 cm of spatial resolution.

2.4. Spatial downscaling methods

There are various existing downscaling techniques, and most of them differ based on the inputs data and
downscaling approach (Sabaghy et al., 2018a). In general, the spatial downscaling method uses coarse
resolution soil moisture observations and additional information about the land surface parameters. The
existing methods were discussed in recent studies by Peng et al. (2017) and Sabaghy et al. (2018). The next
section highlighted the difference between the existing methods and the detail of the proposed downscaling

method for this study.

2.4.1. Satellite-based method

The satellite-based downscaling method is mainly based on the observations derived from radar and
radiometer. The main concept was first introduced by Njoku et al. (2000). For example, O'Neill, Chauhan
and Jackson(1996) downscaled soil moisture using a radiative transfer model with radar-derived data on the
vegetation attenuation, transmissivity and scattering parameters. Another example is the change detection
method which used the linear correlation between backscatter and soil moisture content for formulating
downscaling models which derived relative changes of soil moisture with higher resolution (Piles et al.,
2009).

The other satellite-based method is based on optical observations. It mainly combines the strengths of high
spatial resolution optical observations and high accuracy passive microwave to derive soil moisture.
Therefore, the high spatial resolution of optical observations provides information on surface parameters
to improve the resolution of soil moisture products (Sabaghy et al., 2018a). For example, Zhao et al. (2018)
downscaled SMAP passive soil moisture from 9km to 1km of spatial resolution using the high resolutions

obsetrvations from MODIS Terra/ Aqua satellites.

2.4.2. Model-based method

The model predictions have been used to downscale the coarse resolution soil moisture mainly based on
data assimilation and machine learning algorithm (Sabaghy et al., 2018a). Notably, the machine learning
approach establishes the relationship between soil moisture and other the environmental parameters then
use the constructed relationship to predict the high-resolution soil moisture products using high-resolution
predictors (Chen et al.,, 2019). Existing machine learning methods are Artificial Neural Network (ANN),
Support Vector Machine (SVM), random forest and Relevance Vector Machine (RVM) (Sabaghy et al.,

13
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2018a). One of them, the random forest model, was developed by Breiman and was proposed as satellite

soil moisture downscaling approach in this study.

2.4.21. The main concept of the random forest approach

Breiman (2001) described the random forest as a supervised machine learning algorithm which can be
applied for regression and classification tasks. The main focus is on the random forest regression task which
builds several decision trees during the training time, and the mean prediction of the individual trees is
generated as the output of this method (Zhao et al., 2018a).

The variables required for random forest regression consists of predictors and the dependent variable
(Bartkowiak et al., 2019). In this study, the principle of the proposed downscaling approach is to build a
function (F) that understand the relationship between soil moisture and land surface parameters at original
spatial resolution. Then, the constructed function can be used to predict soil moisture at high spatial
resolution (Abbaszadeh et al., 2019) by using the following equations:

= SSM,=F (P,)(2.1)

" SSM4=F (Pa)(2.2)

= P=(pl,p2 p3,..)23)
e SSM, is the original soil moisture data
o SSMyis downscaled soil moisture data,

e P is the land surface parameters (i.c., land surface temperature (LST), DEM and NDVI).

Therefore, there are predictors and dependent parameters for RE algorithm. Sentinel -1 1km SSM soil
moisture product was considered as the dependent parameter and NDVI, land surface temperature (LST)

and DEM as the predictot's parameters.

2.4.2.2. Main steps for training Random forest

The following steps show the workflow of random forest regression algorithm as described by Bartkowiak

et al. (2019).

Step 1: Data preparation

The downloaded data cannot be used into the model; therefore, data preparation is needed to put the data

into machine learning understandable terms. Data preparation requires steps such as :

® The missing data and invalid values can be identified using the statistical summary. It is needed as both
can impact the analysis. The missing data values can be changed to non-values while the invalid values

can be removed from the data.
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= After removing the invalid values and missing data, the other process is the separation of the data into
the features and targets. The targets known as the labels and are the values to predict, and the features

also are values which used to make a prediction.

Step 2: Training the RF model

= After data preparation and getting the features and labels values, the next step is splitting data into training
and testing sets. The training number of features and labels have to match the testing number of features
and labels. Usually, the ratio between the training number and the testing number is 3:1

* The next step is to train the RF-based regression algorithm to learn the relationship between features and
labels during the training phase. The tree sample sets are randomly derived from the original training
data set with replacement using the bootstrap method (Bartkowiak et al., 2019). Each sample set is a
bootstrap sample, and the elements that are not included in the bootstrap are the out-of-bag data (OOB)
for that bootstrap sample (Jing et al., 2016).

= In this study, about 75 % of the observations (referred to as in-bag samples) are used to train RF
algorithm while 25 % (referred to as out-of-the bag samples) are used in an internal cross-validation

technique for checking the performance of trained RF model (Breiman, 2001).

Step 3: Make predictions with the test data & model performance

The RF algorithm has been trained to learn the relationships between the features and the labels. There is a
trained RF-based regression model which is representing the relationship between labels as Sentinel -1 1km
SSM soil moisture products and surface features as NDVI, LST and DEM.

The trained RF model can be applied to the test features, and the outputs are the predicted values of the
surface soil moisture. The prediction results are obtained by averaging the predictions from each regression
trees (Jing et al., 2010).

After that, the model performance can be evaluated using the statistical metrics obtained from comparing the
predicted soil moisture values with observed satellite soil moisture values. Consequently, if performance is
not acceptable, the adjustment of the model inputs datasets may be made by acquiring more data or changing

the model settings.

Step 4: Variable importance

The ranking of variable importance is essential in the random forest algorithm. Random forest algorithm
could indicate the relative importance of a variable as an increased mean square error (MSE) (Jing et al,,
2016). An increased MSE can be calculated by randomly assigning a variable to compute the extent of the
reduction in the accuracy of the random forest prediction, thus during the fitting process, the prediction

error for each out-of-bag (OOB) sample was recorded and averaged over the forest (Cutler et al., 2012).
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The variable which has a larger value than others indicates that it has high importance in terms of its

contributions to the RF regression model (Qu et al., 2019).

Step 5: Model prediction on the UAS measurements

The final step of the workflow in this study is the prediction of the high-resolution soil moisture products.
On this stage, the model has been well-trained, and it has excellent performance representing the
relationship model between SSM and the other surface parameters. Next step is to apply the trained RF

model to the surface test features in order to obtain the surface soil moisture at high-resolution.
2.4.2.3. Main advantages of Random forest model over other existing models

= The previous studies have shown that RF regression algorithm in comparison with other machine
learning approaches is more suitable for downscaling the satellite products (Sabaghy et al., 2018a). For
example, Tyralis et al. (2019) presented that the random forest method as the most flexible algorithm
because a model can select, combine and fit different functional relationship between predictors and
dependent parameters.

= It gives useful outputs results, for example, statistical metrics to evaluate the impacts of inputs
parameters on the model performance and the relative variable importance scores to rank impacts of
the used land sutface parameters/features on the trained model.

*  Random forest algorithm is considered as a highly accurate algorithm because to get the results; it builds
multiple decision trees, and the results are the averaging of the results of the predictions from each

regression trees (Jing et al., 2016).

2.5.  Importance of high-resolution soil moisture measurement

The development of the field and small watershed scale (0.1-1 km?) soil moisture measurements help into
agricultural production and a better understanding of hydrological processes responses into the catchments
(Robinson et al., 2008). The high-resolution soil moisture product can be used in supporting the agricultural
management for preparing and adapting to future extreme events under the backdrop of climate change.
It could also help considerably in the different scientific research, for example, in minimising the uncertainty
in the developed model.

Figure 2.2 summarises the temporal and spatial resolution requirements in a given water-related application.
Downscaled soil moisture with sub-meters of spatial resolutions is required in precision agriculture to
monitor the agricultural field variations and to deal with them using alternative strategies (Zhang and Kovacs
2012). Precision agriculture mainly uses high-resolution satellite images to understand those vatiations in
the field, like soil moisture conditions (Sabaghy et al., 2018a). It was also found out by Torbett et al. (2007)

that when the farmers know the spatial variation in soil properties, they adopt precision agriculture.
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Figure 2.2: Summary of spatial and temporal resolution requirement of soil moisture for a range of

applications (Sabaghy et al., 2018a)
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3. STUDY AREA AND DATASETS

3.1.  Alento River catchment description

It is located in the province of Salerno, Campania in Italy. It has a total area of 450 km? and an average
elevation of 400m above sea level and is divided into sub-catchments (Romano et al., 2018). One of the
sub-catchments is located near the village of Monteforte Cilento, the second sub-catchment is situated near
the first one, and another sub-catchment is located near to the rural village of Gorga and characterised by
forest (Nasta et al., 2013).

The main focus was on the Monteforte Cilento catchment, where UAV data acquisition had been done, and
it has approximately 8.5 hectares. The geographical coordinates of the area are between 40°15' and 40°30' N
and 15007'and 15°22" E. It has the sub-humid Mediterranean mountains climate. The rainfall pattern is
characterised by the cold season, with about 67 % of annual rainfall from October to April. From May to
September is the hot season, whereas July is the hot month (M. C. Peel, B. L. Finlayson, 2002).

The wireless soil moisture network provides the soil moisture measurement into different depth (Romano
et al., 2018), and Figure 3.1 represents the spatial distribution of the installed SoilNet sensors and the
topography of the catchment. Monteforte Cilento catchment is mainly characterised by the agricultural
activities and divided into a piece of lands which can be influenced by the hydrological processes in the

catchment (Nasta et al., 2013).

Campania

Legend

@ Soil Sensors
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»em High : 436,39

150 300
) ow: 366,36 m

Figure 3.1: The topography of the study area and spatial distributions of the SoilNet soil sensors.
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3.2.  Data collection and description

The model inputs data were collected based on two spatial extents as 28km x 28km ( 40°15'- 40°30' N and
15°07' - 15922' E ) and 78km x 78km (40°26' - 40051' N and 15°11' - 15°36' E). The study area lies inside the
two spatial extents. The data of Sentinel -1 1 km SSM, NDVI, LST and DEM were acquired from 01
January 2015 till 31 December 2019 from various datasets. The UAV images were obtained using the Cubert
hyperspectral, and FLIR Tau 2 thermal camera. The processed orthomosaic maps of land surface parameters
(NDVI, LST, DEM ) were available for 13 and 14 June 2019 at Noon and Sunrise and were provided as

secondary data from other researchers. The next sections discuss the data description and source.

3.21. Sentinel-1 C-SAR Surface soil moisture (SSM) product

Sentinel-1 C-SAR surface soil moisture product is one of the European Space Agency developed mission.
It is produced by Vienna University of Technology ( TU Wien ). It is a constellation of two satellites as
Sentinel-1A and Sentinel-1B. It has the temporal resolution depending on the locations. For example, in the
European continent, it has a temporal resolution of 3-8 days (January 2015 to October 2016) and 1.5-4 days
from October 2016 (Bauer-Marschallinger & Schaufler, 2018).

It was derived at the top five centimetres of depth. It is expressed in % of saturation with range values
between 0% ( dry the soil ) and 100% (wet soil). It can also be further converted to volumetric soil moisture
by multiplying the porosity values (Bauer-Marschallinger & Schaufler, 2018). Level 2 Sentinel-1 C-SAR SSM

products can be freely downloaded on https://land.copernicus.cu/global/ with 1-km of spatial resolution.

The output product is a daily image which has the format of a netCDF4 file.

3.2.2. MODIS land products (LST and NDVI )

The land surface temperature (LST) and normalized difference vegetation index (NDVI) were downloaded
from the NASA Land Processes Distributed Active Archive Center (LP DAAC)(Justice et al., 2002). All
those land surface products have a spatial resolution of 1 km.

The daily land surface temperature product from Terra MODIS( MOD11A1 ) can be freely obtained from

https://lpdaac.usgs.gov/products/mod11a1v006/. It is daily level 3 products ( daytime and night time), but

the main focus was on daytime LST as the previous downscaling study by Peng et al. (2015) showed that
the LST has a high sensitivity to SSM due to its considerable variation in the daytime. Zhao et al. (2018)
also found that the downscaling results using MODIS LST daytime had better performances than night time
LST.

The normalized difference vegetation index from MODIS Terra ( MOD13A2 ) can also be freely obtained

from (https://Ipdaac.usgs.gov/products/mod13a2v006/. Eventhough the MODIS images are collected
daily, the NDVI products have the temporal resolution of 16 days (Didan et al., 2015). The files format of
MODIS data is HDF-EOS.
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3.2.3. GTOPO30 Product ( Digital elevation model )

GTOPO30 topography data was used to give information about the elevation, and it is a global Digital
Elevation Model developed by USGS Earth Resources Observation and Science Data Center in late 1996
(Abbaszadeh et al., 2019). This dataset has 1km of spatial resolution and can be freely accessed via

https://earthexplorer.usgs.gov/. The product is distributed into tiles which one tile covers 50 degrees of

latitude to 60 degrees of longitude.

3.24.  Insitu measurement

The SoilNet wireless sensors provide the insitu soil moisture measurement data at different depths such as
15 cm and 30 cm. Sensors are installed in 20 different locations covering the study area. The GS3 sensor
(Decagon Devices) wireless sensors measure soil dielectric permittivity which could be converted to
volumetric soil water content ( q, cm3 cm—3) using a calibration equation specific to the location of the
study area (Romano et al., 2018). Figure 3.1 shows the study area map with spatial distributions of the soil
sensors. The table below summarizes the descriptions on the in situ measurements collected in 20 locations

for one single day (14 June 2019).

Soil sensor East (m) North (m) Z (m) € Permittivity g (cm3cm=3) porosity

1 515684.92  4468257.90 513.44 18.00 0.22 0.52
2 515652.62 4468295.98 509.19 10.45 0.23 0.50
3 515627.21 4468326.45 505.29 8.46 0.31 0.54
4 515599.49  4468365.61 504.94 12.64 0.27 0.50
5 515586.37 4468388.73 507.32 19.40 0.29 0.61
6 515554.63 4468418.78 509.66 16.98 0.44 0.64
7 515669.53 4468243.32 510.78 9.93 0.30 0.57
8 515637.77 4468283.15 504.35 7.44 0.23 0.61
9 515611.62 4468313.42 501.67 8.70 0.29 0.53
10 515557.95 4468346.32 498.61 9.93 - 0.52
11 515557.95 4468369.68 501.51 15.04 0.50 0.60
12 515532.10 4468399.33 504.16 14.58 0.37 0.60
13 515646.51 4468226.07 507.53 10.98 0.23 0.52
14 515614.94 4468264.38 500.21 15.52 0.25 0.55
15 515589.14  4468294.60 495.73 15.36 0.39 0.61
16 515557.87 4468328.80 493.07 12.64 0.34 0.58
17 515535.47 4468350.57 494.45 16.32 0.30 0.57
18 515509.57 4468380.56 498.89 5.30 0.24 0.47
19 515584.89 4468253.41 495.79 18.34 0.38 0.56
20 515520.61 4468321.88 486.21 12.36 0.29 0.60

Table 3.1: Information about insitu measurement in the study area.
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3.25. UAS measurements ( LST, NDVI, DEM )

Cubert hyperspectral camera acquired the images with Band1 NIR; Band2 Red; Band3 Green at 13-June-
2019; 15:42 PM with a resolution of 0.048 m., while the thermal images were obtained using the FLIR Tau
2 camera. The images were taken at noon (12:38 PM) and before sunrise (05:13 AM) with a resolution of 16
cm and 15 cm respectively at 14 June 2019. The land surfaces parameters as NDVI, LST and DEM were
derived from the UAS measurements. The processed land surface parameters have 15 cm of the spatial

resolution. The LST orthomosaic maps are available at sunrise and noon, and the files are in GeoTiff format.
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4. RESEARCH METHODOLOGY

41.  Research design

The random forest-based regression model was used to achieve the research objectives. Firstly, model inputs
data were prepared, and among them, there were the ancillary land surface parameters, including land surface
temperature (LST), normalized difference vegetation index (NDVI) and digital elevation model (DEM )for
providing the topography information. The surface soil moisture products were accessed from the
Copernicus data portal, and all ancillary model inputs data were at the same spatial resolution as surface soil
moisture of 1km. Particularly, the unmanned aerial system (UAS) measurements acquired in the study area
were used to derive land surface parameters (LST, NDVI and DEM ) with a 15 cm of spatial resolution to
be used as the predictors.

The RF algorithm was trained with the prepared ancillary inputs data at 1km of spatial resolution. The
general concept of RF model training was to model the relationship between satellite soil moisture and land
surface parameters at coarse resolution (1km). The accuracy of the trained RF models was assessed, and the
best-trained model was applied to high spatial resolution land surface features data to predict the soil
moisture at 15 cm spatial resolution

Lastly, the downscaled SSM data was validated with the in situ soil moisture from the study area. Figure 4.1

below summarises the main research design idea.

22



SPATIAL DOWNSCALING OF SATELLITE SOIL MOISTURE UTILISING HIGH-RESOLUTION UAS DATA OVER ALENTO CATCHMENT IN ITALY

r—e———————_—_——_———_—————————— |
| Model input data at 1 km |
I I
SENTINEL -1 C SAR
| 1 km SSM DEM |
I I
| LST NDVI |
S S _
— ] —— ——————————— — ——
RF training and test accuracy
Training set Test set
75 % 25 %
of all Observations of all Observations

Y
RF -based

Best trained

Y

regression model

model

In situ
measurements
(SM)

| UAS surface features at 15 cm 1 | ownscaling results and validgtion

I I |

I I

| LST NDVI DEM | | Dowgi.?laslicrinssm ¢ Validation

| I |
S e e

Figure 4.1: Flowchart of the research design for the study
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4.2.  Preparation of data

The data preparation was done to harmonize the downloaded data to the same file format, same projection
and same study area extent. All data were converted into GeoTiff format, and all projections were converted
into the same projections. For example, MODIS products have a sinusoidal projection and were reprojected
to match the Sentinel -1 projection (WGS_1984).

The analysis was limited to the spatial extent of the study area, and the process of masking the data was
done to the fixed two spatial extents mentioned in the data collection section to cover only the study area.
The linear scaling of the pixel values of the satellite images data was done by multiplying with a scale factor
and adding offset. For example, the land surface temperature values were obtained in Kelvin by multiplying
the data with a scale factor of 0.02 while 1/10000 was done to NDVI values (Didan et al., 2015; Wan,
2013)(e.g., according to MODIS land products user’s guide documents). The Figure below represents an

example of land surface temperature values on 14 June 2019 from MODIS Tile for the study area.

MODIS tile : 2019167 Study area after masking from MODIS tile : 2019167

Legend

Value
e High : 309,48

B Low: 2957

Figure 4.2: Example of land surface temperature values on 14 June 2019 from MODIS Tile for the

study atea.
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On the other hand, linear scaling of pixel values representing the surface soil moisture in percentage was
done by converting the physical values from digital values (DN); the multiplication was done with a scale
factor of 0.5 on data (Bernhard Bauer, 2019) (e.g., according to Copernicus Global land service user’s guide
documents).

The figure below also shows an example of coarse resolution SSM on 14 June 2019, which was downscaled

into a high-resolution SSM data.

h Value
' High 163,25
‘m

— Low:6

Figure 4.3: Example of coarse resolution surface soil moisture from Sentinel -1 1Tkm on 14 June 2019

Identification of missing data and removing the invalid values were also made by looking into the values of
the dataset. The missing data and invalid values were checked by using a statistical summary from the

metadata. The invalid values were removed, and missing data were replaced as non-values.

Overview of processed datasets in this study

The table below summarised the processed model input data, consisting of time-series of images from 2015

to 2019.

Table 4.1: Summary of processed model input data

Datasets Short Spatial Processing steps Number of
(Sensor) Description resolution images

1 Sentinel-1 C- SSM 1 km ° Subsetting to the StU.dy 1799
SAR area extent.

e linear scaling of the DN
values with scale factor
2 MODIS Terra LST (Day) 1 km e Reprojected data 1817

-MODITIA e Subsetting from
MODIS tiles to Study
area extent.
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e Linear scaling of the
DN values with scale

factor
4 MODIS Terra NDVI 1 km ° Reprojected data 115
MODI12A e Subsetting from

MODIS tiles to Study
area extent.

e Linear scaling of the
DN values with scale

factor
5 GTOPO30 DEM 1 km ° Subsetﬁng to Study 1
area extent.
6 UAS LSTNDVI  15cm ® linear scaling of the DN 4
measurements ,DEM values

4.3. Overview of surface features derived from the UAS measurements

UAS measurements were taken on the study area of 8.5 ha in the Monteforte Cilento sub-catchment and
provided land surface parameters with 15 cm of spatial resolution. The orthomosaic maps were available
after processing of the UAV images.

The normalized difference vegetation index (NDVI) was obtained using the images taken by a hyperspectral
camera which has different bands. It was obtained as the ratio between near-infrared band 1 (NIR) and red
light band 2 (R). UAS derived NDVI values map was available on 13 -June 2019 and was also used to
represent the NDVI values for the next day of 14 June 2019.

The land surface temperature was derived from thermal images. Two orthomosaic maps were generated and
provided the land surface values on 14 -June -2019 at noon (12:38 PM) and sunrise (05:13 AM). The units
of LST values were converted to Kelvin from Celsius by adding 273.15 to the original values.

In addition to the above parameters, the digital elevation model (DEM) map was derived from UAV images

at 95 m over the study area. The DEM represented the elevation information associated with each pixel.

4.4.  RF-based regression modelling and testing performance

Preparation of the model inputs data was one of the essential steps in machine learning. It reduced the noise
in the input data to improve model performance accuracy. In this study, the Random forest algorithm
program was implemented in Python (Pedregosa et al., 2011).

The attention was on the quality of the model input data for training the RF model to achieve the good
performance of the RF-based regression approach (Long et al., 2019). The quality of the surface parameters

and soil moisture products were essential for obtaining good results. The main steps were as follows:

Step 1: Splitting model input datasets and training the RF model

After processing of model inputs data, the next step was to transform the data into RF machine learning

understandable terms. Firstly, data were separated into targets and features which were known as the values
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to be predicted, and values used to make a prediction respectively. The random forest regression algorithm
tried to learn the relationship between the features and the target values during the training phase.
Different model inputs datasets were used for training the RF regression model. Randomly the dataset split
up into two sets as train and test sets. During the training phase, the random forest algorithm divided the
training set into many regtression trees and making up the forest. The RF algorithm used 1000 trees as a
maximum number of trees to improve the output results accuracy (Breiman, 2001). Each tree was built from
a bootstrap sample which contains about 75 % of the input data. For each bootstrap sampling process, the
left samples were 25 % of the input data and were not included in the training. They acted as the Out of bag
samples which were used to test the performance of the trained models.

In this study, the training database was composed of different configurations of input datasets. The aim of
training the RF model with different input configurations was to understand how much feature data is
enough for training and at what spatiotemporal resolutions were needed for training RF. The training of the
RF model was done with six different groups of input datasets with different spatiotemporal resolutions

such as two spatial extents (28kmx 28km,78kmx 78km) and three periods (2015-2019, 2018 -2019 and 2019).

Step 2: Constructed SSM relationship model based on RF regression method

With the training dataset, the relationship between the land surface parameters data and surface soil moisture
was obtained as a function (F) using the RF regression method at a coarse resolution of 1km (see below

equation).

SSM 1km — F (LST1km, NDVI1km, N Elevationlkm,) (41)

Step 3: Checking the performance of the constructed model

After training the model, the evaluation of RF downscaling models (with different input configurations) was
done to assess the performances of the trained models to find out which one has a higher predictive capacity
to capture the soil moisture variations in the study area. It was assumed that this RF trained model is spatial
scale independent.

In this study, model performance evaluation was done to find out which model was well trained among
others. The root mean square error (RMSE), Pearson correlation coefficient (R) and Coefficient of
determination (R?) were used to assess estimated SSM with the observed SSM from sentinel -1 data.
Generally, model performance can be improved by changing (tuning ) the model parameters or model
hyperparameters (Probst et al., 2019). The model parameters can be changed from model input datasets,
while model hyperparameters can be done manually into model settings. For improving the model
performance, some model hyperparameters kept at their default settings as from the findings of Probst et
al. (2019), which concluded that the Random forest is an algorithm which could provide good results with

default settings.
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Table 4.2 shows the overview of the used hyperparameters of the random forest algorithm. In this study,
the improvement of model performance was obtained by increasing the training set size as the previous
study by Zappa et al. (2019) who suggested that it could provide the improvement in model performance
accuracy. The RF model performance was improved by using a large enough study area to support the
training samples required and to ensure the variability of soil moisture in the study area. Therefore, the
model training samples were increased by increasing the spatial extent study area from 28 km by 28km to

78km by 78km.

Table 4.2: Overview of the different hyperparameter values of random forest algorithm (Probst et al.,
2019)

Hyperparameter Description Typical values
Description

mtry Number of sampled observations in each split 75%  for training and 25 %
(training set and testing set) testing

Sample size Number of observations that are drawn for each n (the number of observations)
tree

Replacement Sampling the observations with or without with replacement
replacement

Node size Minimum number of observations in a terminal 5 for regression
node

Number of trees Number of trees in the forest 1000

Splitting rule Splitting criteria in the nodes random

Step 4: Checking the role of the surface features on the performance of the RF model

On this step, the best-trained model was known, and the role of each input surface features could be
identified from RF model outputs. The random forest algorithm can indicate the relative importance of a
variable using commonly used an increased mean square error (MSE), which could be expressed in
percentage (Gromping, 2009). It could be used to assess the contribution of different land surface inputs
parameters (variables) on the performance of the trained model as well as on the downscaling accuracy.
Therefore, the variable importance values were obtained by using the ranking of variable importance of the
parameters/ features of the RF algorithm. The latrger MSE value means higher the importance of the
variable than others (Qu et al., 2019).
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Step 5: Model prediction using the surface features derived from UAS measurements

The final step was to predict the soil moisture using the land surface features at a high spatial resolution to
achieve the objective of the study. After all, there was the best-trained model to represent the surface soil
moisture relationship model (F) among others. The best-trained model was applied to the surface
parameters derived from UAV data to get the high-resolution SSM data at sub-meter of resolution. The

prediction of surface soil moisture was done based on two imageries (Noon and Sunrise):

SSM 15 em = F (LST15 cmy NDVLis cm, , DEMis ) at Suntise (4.2)
SSM 15 em = F (LST15 cmy NDVIis cm, , DEMis em) at Noon (4.3)

The outputs products were two downscaled surface soil moisture products with 15 cm of the spatial
resolution. For this analysis, model combinations were based on available LST measurements taken at noon

and sunrise.

4.5.  Validation of the downscaled soil moisture using the ground measurements

Checking the accuracy of downscaled soil moisture was done using statistical metrics. The downscaled
surface soil moisture ( SSM Downscaled ) Was compared with ground measurements values (SSM in siw ). The
validation was done on 14 June 2019 insitu data. The unbiased root mean square error (UbRMSE ), root
mean square error (RMSE) and Pearson correlation coefficient (R) were used as the statistical metrics to
validate the downscaled surface soil moisture. The correlation coefficient (R) measured the strength of a
linear association between downscaled and in situ soil moisture, while the root mean square error (RMSE)
indicated how close the in situ measurements wetre to the model's predicted values (downscaled soil
moisture).

The bias was removed to get a better reliable estimation of RMSE, and it gives the ubRMSE. Mean
difference (bias) give the average tendency of overestimation (positive value) or underestimation (negative

value) of downscaled data. The RMSE and ubRMSE have the same units as the downscaled soil moisture.

RMSE = \/Zy:l( SSMpownscaled— SSMn situ)? (44)

n

Z( SSMpownscaled™ SSMDownscaled)( SSMn situ— SSMn situ)
\/( SSMpownscaled— SSMDownscaled)2 ( SSMin situ— SSMn situ)2

(4.5)

. 1
* Bias = ;Z?zl(SSMDownscaled - SSMInsitu) 4.6)

* ubRMSE = ,/(RMSE)? — (Bias)? (4.6)
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Whereas:
e n= The number of observations
®  SSM Downscaled = Downscaled surface soil moisture at 15 cm and 20 m spatial resolution.

¢  SSMinsin = The ground measurements values
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5.  RESULTS AND DISCUSSION

In this study, the results were discussed in four parts to address the specific objectives. Section 5.1
represented the short description of the relationship between the surface soil moisture and the land surface
parameters used for training the models, as well as the derived land surface features from UAS
measurements used for predicting high-resolution SSM. Section 5.2 presented RF downscaling results by
focusing on the performance of the trained models and the impacts of land surface parameters on their
performance, as well as spatial patterns of downscaled SSMs. Section 5.3 discussed the validation results of
downscaled soil moisture against in situ soil moisture measurements collected from different locations in

the study area. The last section 5.4 highlighted the limitations and opportunity of the research findings.

5.1. The relationship between land surface parameters and SSM

It was essential to use the land surface parameters that influenced surface soil moisture variability to build a
good relationship between them. This study considered land surface parameters such as surface temperature
(LST), normalized difference vegetation index (NDVI) and digital elevation model (DEM) being factors

influencing surface soil moisture variability.

5.1.1. Land surface parameters influencing soil moisture variability

The relationship between LST and SSM was analyzed using the daily mean values from January 2015 to
December 2019. Figure 5.1 represents the temporal variations of daily mean values of land surface
temperature together with the SSM change. The surface soil moisture showed a visible response to the
surface temperature.

Mostly, the surface soil moisture has a high mean SSM value, especially when there are low mean LST values
while high values in land temperature representing the dry soil conditions. Other surface parameters could

also influence soil moisture variability in the study area.
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Figure 5.1: Daily mean surface temperature and Sentinel -1 1km daily mean surface soil moisture for

available data

The normalized difference vegetation index has 16 days of temporal resolution and was considered as the
values stay the same for 16 days period. Figure 5.2 represents the mean NDVI variations with mean SSM
values along the study periods. Generally, higher values refer to healthy and dense vegetation, while lower
NDVI values show sparse vegetation and bare soil. As mentioned before, Sentinel -1 1km Surface soil
moisture was retrieved from radar backscatter measurements and experience low sensitivities to SSM in
areas that are vegetated (Piles et al., 2009).

The presence of vegetation reduces the signal from the soil to the sensors, which results in the uncertainty
of soil moisture estimation (Peng et al., 2016). The vegetation has an effect on surface soil moisture.

From Figure 5.2, when there are high values of NDVI result in the reduction of surface soil moisture values
even though it does not always keep the same trend. There could be uncertainties in the remotely sensed
SSM products as NDVI is not the dominant factor to control the SSM change.
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Figure 5.2: Daily mean NDVI values and Sentinel -1 1km Surface soil moisture for available data

The topography was represented by digital elevation model (DEM) including information of slope and
elevation. It was also considered as one of the important factors that influence soil moisture, and it was a
static parameter which remained the same for a specific time (Hawley, 1983) and was considered the same
for the entire period of five years. Figure 5.3 represents the elevation range from 18 m to 1814 m. The mean
elevation is approximately 630 m above the sea. The study of Hawley (1983) concluded that slope influences
both infiltration and runoff; therefore, the areas with steep slopes are likely to have low soil moisture than

flat areas due to lower infiltration and higher runoff rates.
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Figure 5.3: Topography representation from DEM data

51.2. The UAS derived land surface parameters

The UAS can provide high-resolution measurements of above land surface features. Figure 5.4 shows the
spatial representation of derived UAS maps for NDVI, LST and DEM.

The NDVI values were acquired at the sunrise time and were visualized using the gradient of red to green.
The map represented UAS-derived NDVI (higher values refer to healthy and dense vegetation, while lower
values show sparse vegetation and bare soil). From the visual analysis, there was more vegetation in the
study area as it is in the agricultural area.

The LST variations show clear patterns with respect to the types of surface cover such as bare soil or
vegetation cover, and the changes in incoming solar radiation at sunrise and noon. Firstly, two LST maps
showed detailed spatial information within different land covers with an inverse correlation relationship
between LST and NDVI (Yue et al., 2007). Therefore the areas with the least and highest vegetation are
experiencing the highest and lowest land surface temperatures respectively. The surface temperature also
increases in response to an increasing amount of incident solar radiation (Malbéteau et al., 2018). LST noon
figure represented high-temperature variations around solar noon while LSTsunrise shows the lowest
variability as expected that in the morning there was minimum solar forcing radiation.

Digital elevation model (DEM) values show a detailed description in the elevation within the study area with
a variation range of 70 meters. The east region of the study has a higher elevation, while the west part

represents low elevation.
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Figure 5.4: Derived land surface parameters from UAS measurements

5.2. RF models outputs and performance accuracy

5.2.1. Trained RF models

The RF models were trained with six different input configurations, based on the combination of NDVI,
DEM, and LST (daytime), ie., two spatial extents (28kmx 28km,78kmx 78km) and three periods (2015-
2019,2018-2019 and 2019). Model inputs datasets had different study periods as well as climatic conditions
and a considerable enough spatial extent to capture various spatial soil moisture variability and to support
the training phase of the RF models. Table 5.1 summarized the used input datasets to establish a relationship
model between SSM and land sutface parameters. RF algorithm was trained with 75% of the input datasets

and then evaluated the estimated results over the remaining 25% of observations.

5.2.2. Performance of the proposed downscaling algorithm

On this stage, there was the trained models and understandings of which one perform best. In this study,
root mean square error (RMSE), Pearson correlation coefficient (R) and Coefficient of determination (R?)
provided a comprehensive description of the performance of the trained RF models. The statistical metrics
were calculated between the model-predicted soil moisture and the satellite-observed soil moisture (i.e.,

Sentinel-1 C SAR 1Km SSM).
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By varying configurations of training input data, different statistical metrics were obtained to assess the
performance of the trained models. Table 5.1 represents the model accuracy results. In general statistical
metrics showed that RMSE | R2, R ranges were 12.3 % — 15.16 % (saturation degree), 0.6 — 0.68 , 0.81 - 0.83
respectively. Based on these findings, all trained models have good performance accuracy in modelling the

Sentinel-1 C SAR 1Km SSM, no matter which model input data was used as the training set.

Table 5.1: Summary of model input dataset configurations and RF models outputs.

Data splitting Model accuracy metrics
Model inputs  Spatial extent Trainings Test RMSE R? Pearson
datasets [km] sets sets [Saturation correlation
Degree %] coefficient

28 x 28 1238 413 13.45 0.62 0.82
2015 -2019

78 x 78 18750 6251 15.16 0.61 0.81

28 x 28 499 167 13.3 0.63 0.82
2018-2019

78 x 78 8016 2673 12.13 0.63 0.83
2019 28 x 28 345 115 13.99 0.6 0.81

78 x 78 5279 1760 12.3 0.62 0.82

Comparing among six trained models with different input configurations, the result of 2018 2019 dataset
with 78km x78km extent combination was better than others with a high degree of Pearson’s correlation
coefficient (R) of 0.83, R2 of 0.63, RMSE of 12.13 %. The results were promising and confirmed the ability
of random forest-based regression model to represent a relationship between the surface soil moisture and
used ancillary land surface parameters.

Figures 5.5 represents the relationship between the estimated and the Sentinel-1 C SAR 1Km SSM data, and
there is a good agreement between them as the distribution of data points is more concentrated on both
sides of the 1:1 line. In general, model performance supposed to improve with an increase of training dataset
(i.e., satellite observations and relevant land surface features) (Zappa et al., 2019). As a result, the model
performance was improved from R of 0.82 to 0.83 by increasing the spatial extent from 28km x 28km to
78km x78km, which captured large area satellite observations and relevant land surface features. The
appendix A shows the 2D histogram plots for all trained model scenarios, and there is a satisfactory degree

of fitting for all trained models.

35



SPATIAL DOWNSCALING OF SATELLITE SOIL MOISTURE UTILISING HIGH-RESOLUTION UAS DATA OVER ALENTO CATCHMENT IN ITALY

Results on 2018 -2019 datasets (78kmx78km extent) Results on 2018 -2019 datasets (28kmx28km extent)
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Figure 5.5: 2D histograms plots of estimated soil moisture results based on RF model and the original

Sentinel-1 C SAR 1Km SSM for 2019 dataset

However, the accuracy of the trained models could be influenced by the model input parameters. Generally,
the uncertainties can be due to different impacts of vegetation growth and the climatic conditions over the
selected study area extent on the SSM wvariations. Additionally, the results obtained could also have
uncertainty in the estimated soil moisture as the used land surface parameters do not capture all soil
parameters (e.g., soil texture, rainfall, etc.), which mainly affect the spatial heterogeneity of the soil moisture

in the study area within space and time (Abbaszadeh et al., 2019)

5.2.3. Role of land surface parameters on the downscaling performance

RF algorithm provided the relative importance of each input land surface features (surface parameters) as
an increased mean square error (YolncMSE). The larger value of %IncMSE of a surface feature, the more
that parameter contributed to the model. Analysis of the relative importance of different surface parameters
(LST, NDVI, and DEM) was essential to understand their impacts on the performance of the trained RF
model to predict the soil moisture. The results presented in Figure 5.6 indicate the surface features with
variations the relative importance values for the best-trained model. There are also vertical error bars which
show the standard deviation of the importance scores of each variable and indicate that there is no high

variation of the values from the average values.
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Figure 5.6: The variable importance scores for the RF-based approach

The land surface temperature (LST) has the highest value of 0.54 while normalized difference vegetation
index (NDVI) with 0.26, which has a higher value than DEM with 0.20. The variations of SSM are mainly
affected by LST and NDVI because of their impacts on surface energy fluxes and vegetation status (Long
et al., 2019).

As the time series graphs in Section 5.1 showed the relationship changes between LST and NDVI with SSM
data. Figure 5.1 shows a good inverse correlation between the SSM and land surface temperature (LST).
Similar results found by Im et al. (2016) and Zhao et al. (2018) that land surface temperature are closely
related to soil emission, which influences the soil moisture variability. The variation of soil moisture is also
affected by vegetation and was validated by the findings of Gémez-Plaza et al. (2001) that the spatial
variability of surface soil moisture is affected by vegetation. The above mentioned parameters are not the
only ones to influence SSM variations, and other factors could change the soil moisture due to different
growth periods and climate conditions in the study area (Hawley, 1983)

The digital elevation model (DEM) appeared to be the least essential parameter in this study. Previous
studies by L. Brocca et al. (2007) proved that the influence of the DEM depends on the topography of the
study area and there is less soil moisture variability at low elevation areas, which is the same as our study
area. The fact that topography kept being the same for the entire study period influence less the
spatiotemporal variability of soil moisture.

The importance of variable derived from RF algorithm is appropriate to understand the relationship
between soil moisture product and land surface parameters, and it allowed to understand the potential
physical mechanisms which influence the downscaled soil moisture variability in the study area. Generally,

all parameters have a significant influence on the performance of the proposed RF model accuracy.
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5.2.4. Spatial distribution of downscaled soil moisture products

After getting the best trained random forest model representing the relationship between surface soil
moisture and the other surface parameters. The model was applied to the high-resolution land surface
parameters derived from UAS measurement to obtain high-resolution surface soil moisture data over
Monteforte Cilento Sub catchment.

The downscaled surface soil moisture maps were generated with two UAS imageries (i.e., at both noon and
sunrise). Figure 5.7 &5.8 represent the spatial representation of downscaled SSM results on 14 June 2019 at
two abovementioned specific times. The SSM products are expressed in saturation degree (%0).

In general, the spatial pattern of two downscaled soil moisture products had been influenced by the surface
features (LST, NDVI and DEM ) in the study area. The results provide detailed information on spatial
variations of surface soil moisture (5cm depth) distribution with 15 cm spatial resolution. The predicted
surface soil moisture values are limited to the ranges of the coarse resolution surface soil moisture values
covered by the training model input data (Zhao et al., 2018a). In other words, the downscaled SSM values
were more related to the quality and values of the Sentinel -1 SSM.

The SSM values range between 37.49 % - 70.11 % and 30.86 — 47.01 % at sunrise and noontime respectively.
Two downscaled products have differences between them as the downscaled SSM values at sunrise appeared
to be higher than at noon values due to influences of LST values (i.e., LST at sunrise is much lower than
that at noon). Such difference is supported by the fact that the land surface temperature was found as the
most influencing parameter for trained RF model.

The results showed that the RF-based downscaling approach could generate high-resolution surface soil
moisture by utilising the satellite product and UAS measurements. The downscaled soil moisture represents
the sub-grid variation of soil moisture with the pixel of the satellite soil moisture datasets. The next step is

to validate the downscaled SSM with in-situ measurements.
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5.3. Validation of the downscaled surface soil moisture

The downscaled surface soil moistures at noon and sunrise were validated using the in situ measurements
which were collected on 14 June 2019 from twenty field stations located in Monteforte Cilento Sub
catchment (Figure 3.1 ). The downscaled SSM were extracted from the spatial maps, and the SSM values
were converted into volumetric SSM by multiplying with the porosity values as in Table 3.1.

Table 5.3 showed validation results from the 14 points measurements. The average unbiased root mean
square error (ubRMSE) was 0.07 cm3/cm? and the Pearson cortelation coefficient (R) ranged between 0.51

- 0.63 with the in situ measurements.

Table 5.2: Validation results of downscaled soil moisture based on RF-based regression model.

Statistical metrics

Downscaling results

RMSE ubRMSE Pearson correlation
[cm3cm3) [cm3cm3) coefficient [ - ]
Sunrise
0.07 0.07 0.60
Noon 0.14 0.07 0.51

The accuracy level showed a good agreement based on the calculated correlation coefficient between the
downscaled SSM and in-situ measurements. The points are closer to line 1:1 which indicate the predicted
SSM values are in good agreement with the in-situ measured SSM and prove the success of the RF approach
to generate high-resolution SSM that captures the spatial distribution of soil moisture in the study area.
Even though there is a correlation between them, the results still did not reach the required accuracy
agreement which is similar to the target accuracy of ubRMSE = 0.04 cm?3/cm? in the top 5 cm suggested by
the Global Climate Observing System (GCOS) requirement (Bauer-Marschallinger & Schaufler, 2018) and
the SMAP science team (Entekhabi et al. .2010).

This disagreement between downscaled SSM and in-situ measurements can be due to the result of
downscaled SSM products were generated at the topsoil layer ( 5 cm of depth) while the in situ
measurements were measured at 15 cm of depth. Validation of downscaled SSM was compromised by the
lack of comparable in situ soil moisture datasets with similar measurements at topsoil level as the downscaled

soil moisture.
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5.4.  Advantages and limitations of this study

The proposed RF-based regression downscaling approach proved to be able to generate high-resolution
SSM data using the UAS measurements. Regardless of the promising results, this study also has the
limitations to achieve the abovementioned required accuracy.

The proposed downscaling approach was limited on a few land surface parameters as LST, NDVI, DEM.
The performance of the model could have also been improved by including other different land surface
parameters (e.g., soil texture, precipitation, etc.) which mainly affect the spatial heterogeneity of the soil
moisture in the study area within space and time (Abbaszadeh et al., 2019). The other limitation was about
the in-situ measurements which were taken at 15 cm depth while the downscaled SSM products were
estimated at 5 cm, which compromised the validation results.

Even though the current study has the limitations, the implemented approach could provide sub-meter
resolution soil moisture data for guiding the agricultural practices at the scale local farmer desired. It was to
note that as there were only UAS measurements for two days over the study area (13 &14 June 2019), the
current study was limited to that day. Nevertheless, this work served as a proof of concept study. It is
expected that with the approach developed in this study, Sentinel-1 and Sentinel-2 data could be used to
detect/monitor the field 'hotspots' (e.g. too much or too little water for plant/crop), which can be further
examined with UAV flights when needed. Therefore, the proposed random forest regression model can be
applied to coarse satellite data to generate high-resolution soil moisture using the derived land UAS land

surface parameters.
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6. CONCLUSION AND RECOMMENDATIONS

6.1.  Summary and conclusion

In this research, the random forest method was used to downscale Sentinel -1 SSM from 1km to 15 cm
spatial resolution in the Alento river catchment to provide valuable detail information for guiding the
agricultural practices at the field scale. RF model was trained with various inputs data sets at 1km resolution,
including SSM and land surface parameters, for establishing a relationship between SSM and the land surface
parameters. The best-trained model was applied to the land surface features derived from UAS
measurements to get high spatial SSM data at 15 cm resolution. This study considered LST, NDVI and
DEM being essential predictors influencing surface soil moisture variability.

The analysis of trained RF models performance was tested using three statistical metrics between the
estimated SSM and the observed Sentinel -1 SSM. It was shown that almost all the trained models have
good performance. The results of model run with 2018-2019 data sets on 78km x78km spatial extent
outperformed other trained models with high correlation (R = 0.83) and low values of RMSE (RMSE =
12.13 % saturation degree ) and R 2 (R 2 = 0.63). The best trained RF-based model was used to generate

high spatial resolution surface soil moisture.

Random forest algorithm provided the relative importance of the surface parameters to evaluate the impacts
of surface parameters on SSM variabilities. The increased mean square error (YolncMSE) obtained from the
RF model results was used to present relative importance scores. The results showed that all parameters
have remarkable effects on predicting SSM. LST has a more significant impact than other with high
%IncMSE (54 %), NDVI with %IncMSE= 26 % and topography were less than other input parameters
with least %oIncMSE = 20 %. The visual analysis of downscaled surface soil moisture maps showed sub-
grid variability within the pixel of the original Sentinel -1 SSM. The downscaled surface soil moisture was

affected by the LST values with high and low SSM value ranges at sunrise and noontime, respectively.

Furthermore, the downscaled SSM results were validated using the 14 in-situ SSM point measurements from
SoilNet sensors installed at 15 cm (using the data collected 14 June 2019 at noon and sunrise time when
there are UAS flights). Generally, validation results showed relatively good agreement with the in-situ
measurements though did not reach GCOS requitement ubRMSE of 0.04 cm3/cm3. There are biases in
validation results because the downscaled SSM products were generated at 5 cm of topsoil while the in situ
measurements were measured at 15 cm.

The overall analysis indicates that RF method could be suitable to downscale the satellite-based soil moisture
to get high spatial resolution soil moisture data with integration of UAS measurements and the accuracy of

downscaled SSM data were mainly depends on the quality of model inputs data.
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6.2. Recommendations

Generally, the results are encouraging, and the RF-based regression algorithm method downscaled coarse
resolution satellite-based SSM products utilising the derived high spatial resolution land surface parameters
from UAS measurements. The success of this study was mainly based on the accuracy of downscaled results
with a high spatial resolution which depends on the quality of inputs datasets and the performance of the
proposed method of downscaling.
In the future, further researches can be concentrated on the following :
®  The same approach could also be applied with the Sentinel -2 data to do the downscaling.
Sentinel-2 can provide the land surface parameters at 10 m resolution.
® The improvement of the model performance can also be made by tuning the hyperparameters of
the RF algorithm.
®  The spatial downscaling of coarse resolution surface soil moisture data could also be achieved by
introducing other additional land surface features related to surface soil moisture (such as soil

texture, rainfall, etc.).
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APPENDIX A

The 2D histograms represented the estimated soil moisture using the test sets vs the existing SENTINEL-
1 C SAR 1Km SSM on various model input datasets
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