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Summary 
 

Synthetic Aperture Radar is a low-cost alternative widely employed to estimate soil 

properties, especially over small map scales (i.e. large area). In contrast to deeper soil layers, 

topsoil is more consistent with the capability of a C-band SAR signal data (e.g., Sentinel-1) to 

reach the soil surface. However, few studies address the use of microwave-based sensors to 

estimate particle size fractions and soil texture classes (e.g., loam, sandy clay). As soil texture 

consists of the relative proportions of sand, silt, and clay, this soil property is compositional in 

nature (i.e., the sum of the components is equal to 100%), and such a constraint is not always 

considered in either explicitly spatial or non-spatial models. Moreover, retrieving information on 

soils from radar signals is a challenging task, particularly under vegetated soil conditions. This 

research seeks to address this challenge by employing H-alpha dual-pol decomposition over a 

study domain located in the Republic of Ireland, where soils are typically covered by 

grass/pasture. No study to date has employed this method for estimating sand, silt, and clay, or 

soil texture. Employing both a spatial and non-spatial framework and explicitly considering the 

compositional nature of soil texture, two different statistical modelling approaches – linear and 

tree-based – are used to derive soil estimates from Sentinel-1 data, in tandem with topographical 

and geophysical covariates. Five primary conclusions can be drawn from this work: (i) it is 

beneficial to treat soil texture as compositional data in the models employed; (ii) radar-based 

derivatives are not able to predict sand, silt or clay without the aid of covariates, since the models 

do not identify direct relationships between the backscattering coefficients (𝜎  𝑉𝑉
0  , 𝜎  𝑉𝐻

0 ) and the 

soil particle size fractions; (iii) the non-spatial modelling approaches yield better estimates when 

fitted without the geophysical covariates, however, the geophysical covariates are useful in 

obtaining soil texture in the regression models with interactions terms; (iv) the H-alpha Dual-Pol 

Decomposition method provides, to a certain extent, soil information over low vegetation, and 

improved estimates of sand, silt and clay; and (v), the spatial models do not outperform the non-

spatial models in estimating soil particle size fractions (PSF) in terms of numerical estimates, but 

are useful in capturing patterns and trends in the response variables. Hence, this research provides 

a methodological framework to inform the design of in situ soil surveys and a means to estimate 

soil properties over large spatial areas to generate new data products for use in hydrological, land 

surface, climate, and other model-based approaches that currently employ coarse global scale soil 

texture products. This research is also timely in light of the European and Irish policy initiatives 

around soils such as “A Soil Deal for Europe 2021-2030 (Mission Soil)” and “A Signpost for Soil 

Policy in Ireland 2021-2030”. 
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CHAPTER 1 | INTRODUCTION 

 

 

1.1 Overview 

Soils play a vital role in the Earth-atmosphere system, given their connection with the 

atmosphere, biosphere, hydrosphere, and geosphere (Gerke et al., 2022), and are important in 

terms of the ecosystem services they provide (i.e. provisioning, regulating, supporting, and 

cultural) (Baveye et al., 2016). Such importance has increased the relevance of this natural 

resource in the socio-political agenda (Ballabio et al., 2016). Soils also serve as a basis for human 

settlements and economic activities (i.e. physically supporting buildings and other man-made 

structures), as well as carrying information on past climate and cultural heritage in terms of 

paleoenvironmental reconstruction research and paleosol (or palaeosol) studies. Examples of 

which can be found in Sheldon & Tabor (2009), McClatchie et al. (2015) and Santos et al. (2021). 

Concerning the connections between soil functions and soil services (Baveye et al., 2016), soils 

emerge as a crucial element in understanding current and future climate responses in light of their 

importance for carbon sequestration, climate regulation, (soil) biomass storage and flood-drought 

regulation (Lal et al., 2021; Frelih-Larsen et al., 2022; Certini & Scalenghe, 2023), as soil is an 

important component of both the carbon and water cycles. Hence, the role of soil in the regulation 

and mitigation of climate is also highlighted.  

Soils, similar to other natural resources across the Earth (e.g. water and minerals), are 

experiencing increasing pressures, from agriculture, industry, forestry, and urbanisation, amongst 

other factors, resulting in the depletion of the resource and increased concerns around soil health 

and soil sealing. Increasingly, policies are focused on how to balance the demand pressures with 

appropriate conservation measures to maintain and increase soil health (Lal et al., 2021; Frelih-

Larsen et al., 2022). More comprehensive knowledge and understanding of its intrinsic physical 

and chemical properties are ultimately required to underpin more sustainable soil management 

strategies (Hou et al., 2020; Lal et al., 2021; Frelih-Larsen et al., 2022). This was reinforced when 

the Food and Agriculture Organization (FAO) of the United Nations declared 2015 as the 

International Year of Soil, a key focus of which aimed to increase awareness and understanding 

of the importance of soil for food security and provision of essential ecosystem services (e.g. 

nutrient cycling, carbon storage, water maintenance, filtering and buffering, biotic regulation, 

support of plant systems and human structures). 

Consequently, there has been an increasing need for quantitative soil information for 

improved environmental monitoring and modelling (Minasny et al., 2008; Mayr et al., 2013; 

Gerke et al., 2022) as well as for soil properties mapping. At the European level, there is also an 

increasing demand for soil data and information from policymakers to assess the state or health 

of soils (Tóth et al., 2013; Panagos et al., 2012), with over 60% of European soils considered 

unhealthy (European Comission, 2020). 
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Topsoil is the upper layer of soil or shallower surface soil, usually up to 20 cm. Because of 

this conditional position on topography (soilscapes), topsoil is susceptible to both interaction – as 

a driver within ecosystems – and pressure – as a resource for human activities. For example, 

topsoil is the primary interface between the land and atmosphere; it is the first portion of the soil 

to undergo intensive use, leaching, erosion (particularly bare soil), and to allow or avoid drainage. 

In terms of process and genesis, pedologically (i.e. colluvium and eluvium), topsoil may not have 

a direct relationship with the underlying parent material as this layer can be either naturally 

transported from one site to another via leaching (due to its surficial position on the landscape, 

which leads it to undergo transport and deposition across topography) or deliberately by 

anthropogenic activities employing topsoil application methods (e.g., ecosystem transfer 

technique for reconstructing valuable natural habitats in post-mining soils; site rehabilitation). 

The soil’s ability to filter water and absorb nutrients is primarily provided by topsoil. Thus, 

it plays a crucial role in agriculture, as plants are grown in the uppermost pedological layer. 

Another important feature of topsoil for environmental systems is related to climate change as 

most shorter term fluctuations in soil moisture content and total soil carbon stocks occur in this 

layer (Thomas et al., 2020).  

In terms of soil characteristics, they are generally classified on the basis of their properties, 

divided according to their physical, chemical and biological characteristics. Soil texture, which is 

a physical soil property, consists of a relative content of sand, silt and clay (i.e. soil particle size 

fractions – soil PSF or soil particle size distribution – soil PSD), thus, it is compositional in nature 

since the total sum of the three components (sand%, silt%, and clay%) is equal to 100. Hence, its 

analysis and statistical modelling requires specific methods to appropriately address this 

constraint. Particle sizes fractions range from less than 0.002 mm (e.g. clay) to greater than 2 mm 

(e.g. fine gravel) with distinct mineralogy – from primary silicate minerals and quartz (e. g. sand 

and most of silt sized particles) to secondary silicate minerals and other secondary minerals (most 

of clay fractions) (UNSW, 2007; Niang et al., 2014). 

Soil texture, due to the PSD, is one of the most important soil properties because it modifies 

and acts as a control on other properties (UNSW, 2007), such as permeability, fertility, chemistry, 

and moisture content, particularly the latter.  For example, a high clay content may indicate high 

moisture content, high concentration of organic carbon (SOC) and low permeability (O'Geen, 

2013; Gorrab et al., 2015; Tobin et al. 2018; Byrne et al, 2018; Coblinski et al. 2021). Soils with 

lower sand content – thus, higher fractions of silt and clay – will drain less easily and have higher 

average water contents; water content typically decreases with increasing sand percentage (Grote 

et al., 2003). In engineering issues, such as road pavement damage, Benedetto and Tosti (2013) 

highlight the importance of developing methods for inferring reliable estimates of the moisture 

and clay content. Soil texture (as classes) and/or soil particle size (as fractions) are important for 

erosion, whether natural or anthropogenic causes. This is important for landscape change 

modelling or loss soil studies (Bezak et al., 2024).  
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Many physical and chemical soil properties are strongly associated with clay fractions, while 

weathering-resistant primary minerals of the parent material are related to the sand and silt 

fractions (Niang et al., 2014). Moreover, being a primary soil property, soil texture has a 

significant effect on the properties governing the retention and transport of water and chemicals 

in soils (Niang et al., 2014), as well as on soil physical quality parameters (Reynolds et al., 2002; 

Pittman & Hu, 2021). Another practical example is the utilisation of soil texture to estimate 

hydraulic parameters via pedo-transfer functions to avoid labour- and cost- intensive 

measurements of soil hydraulic parameters in the laboratory (Müller et al., 2016). 

The variability of a soil’s texture has a significant influence on soil moisture distribution 

(vertically and horizontally in a soil layer), largely determined by its clay content. According to 

Gorrab et al. (2015), the clay content is a relevant parameter since it has a strong influence on 

water storage or water retention capacity and availability for crop plants, field capacity and wilting 

point. The relationship between the size distribution of the voids in soil and the size distribution 

of the mineral particles it contains expresses the relationship between soil structure and texture. 

Another soil property that links soil texture with soil moisture is the soil electrical 

conductivity, a soil quality indicator that is interesting for site-specific soil management (Molin 

& Faulin, 2013) and soil sensing. Due to the relationship between these, soil properties could be 

integrated into irrigation algorithms in smart agriculture and contribute to improving the accuracy 

of water prediction models (Gorrab et al., 2015). Microwave sensing applied to soils (proximal 

and remote) exploits the soil's electrical conductivity and topography conditions to measure soil 

properties as the radar backscatter signal is related to the soil dielectric property (moisture, and 

physical properties) and surface roughness (Ulaby et al., 1978; Ulaby et al., 1979; Dobson & 

Ulaby, 1981; Jagdhuber, 2012; Marzahn & Meyer, 2020). Building on this, soil information can 

be retrieved from a diverse range of Earth Observation (EO) platforms comprising satellite 

(spaceborne), aerial (manned or unmanned airborne platforms), and in situ to measure reflected 

or emitted electromagnetic radiation.  

Examples of research employing remote sensing data applied to soils include the 

development of a global soil visible near-infrared (vis–NIR) spectral library (Rossel et al., 2016) 

and the Global Soil Map project (Arrouays et al., 2014). Ballabio et al. (2016) carried out a first 

approximation of the Global Soil Map products at a European scale, where they analysed to what 

extent the Land Use and Coverage Area Frame Survey (LUCAS) topsoil database could be used 

to map soil properties. These authors also modelled several soil properties (organic carbon, pH, 

sand, silt, clay, gravel, saturated water content, bulk density, to name a few), using remotely 

sensed data and hybrid approaches including regression kriging, and described the modelling of 

topsoil texture and related derived physical properties. Within this context, soil science has 

benefited from the development of digital soil mapping at local, regional and global scales, as 

well as from the availability of data from EO platforms. Examples of freely available data are 

those from satellite platforms such as Landsat, Sentinel, ALOS, Envisat, and Radarsat. 
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Notwithstanding the importance and potential of soil texture for understanding, analysing, 

estimating and predicting other soil properties, few studies address the use of microwave sensors 

– for example, Synthetic Aperture Radar (SAR) – and geophysical methods for soil texture 

retrieval (Gorrab et al., 2015). The majority of such studies have focused on the utilisation of 

SAR for estimating soil moisture and carbon content and use soil texture as a secondary variable 

to retrieve these soil properties (Gorrab et al., 2015; Zhou et al., 2022). Furthermore, vegetation 

hinders radar signals from getting information from the underlying soil, especially with shorter 

wavelengths (higher frequencies). This situation has limited the use of SAR data over vegetated 

areas for studies focused on soils.  

It is in this context that this research was undertaken. The work outlined here is concerned 

with the prediction and modelling of surface soil texture (topsoil) and seeks to evaluate the utility 

of SAR data (C-band) to estimate topsoil particle size fractions over a largely vegetated 

(grassland) study domain, located within the Republic of Ireland. Issues with using EO in places 

like Ireland, but also the potential for such use, and how to bridge the lack of studies employing 

SAR data for this aim are core topics in this study. The research here relies on legacy topsoil data 

and considers topsoil depth up to 10 cm. This depth was selected due to constraints related to the 

capabilities of SAR sensors to penetrate the soil (Babaeian et al., 2019), as explained further in 

this work. Concerning the theoretical basis underpinning this research, in terms of understanding 

soil texture behaviour in the microwave spectrum, this work is based on pioneering studies that 

addressed the relationship between soil texture and soil moisture using remote sensing to analyse 

soil physical properties, which is found in Ulably et al. (1978), Ulably et al.(1979), Dobson et al. 

(1981; 1984), Hallikainen et al. (1985), and Rao et al. (1988). A detailed theoretical basis is 

provided in 1.3.2.1 and 1.3.2.2 sections. 

This thesis is structured accordingly to present the main related concepts, research 

challenges/gaps, and the traditional methods to estimate soil PSF.  

 

1.2 Soil properties: soil texture 

Soil properties are divided according to their physical, chemical and biological characteristics 

(Figure 1.1). Soil physical properties include texture, moisture, structure, porosity, permeability, 

bulk density, and colour. Soil chemical properties (or soil chemistry) refers to colloids (organic 

matter, minerals), acidity, alkalinity, salinity, cation exchange capacity, anion exchange capacity, 

electrical conductivity, and pH, for example. Soil biological properties reflect the influence of the 

living organisms inhabiting soils, including bacteria, fungi, nematodes, earthworms, for example. 

As soil texture is the focus of this thesis, it is described here in detail. 
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Figure 1.1 An example of a basaltic soil sample and its respective textural class resulted from laboratory analysis. Soil 

ternary source: USDA/NCSS. 

 

Soil texture refers to the proportion of the soil related to the mineral component of soil 

expressed in terms of percentage of sand, silt, and clay – the particle size fractions (Figure 1.1). 

Particle size fractions control the properties and behaviour of soil (Table 1.1) due to its 

compositional nature, that is, they each impart their characteristics (UNSW, 2007). For example, 

considering soil moisture, soil texture strongly controls available water content (Müller et al., 

2016; Creamer et al., 2016; Tobin et al., 2018) into soils as water retention is mainly determined 

by clay content (Gorrab et al., 2015). Thus, the smaller the size of a soil’s particles, the greater 

its volumetric water capacity (Gorrab et al., 2015), that is, clay soils have a greater water holding 

capacity than sandy soils (Creamer et al., 2016). Soil texture has influence on a number of soil 

properties, including drainage, water holding capacity, aeration, susceptibility to erosion, cation 

exchange capacity, pH and buffering capacity (Creamer et al., 2016) (Table 1.1).  

 

Table 1.1 Relationship between soil particle size fractions and other soil properties 

Property Clay Silt Sand 

Size range (mm) (AUS) <0.002 0.002-0.02 0.02-2 

Size range (mm) (USDA) <0.002 0.002-0.05 0.05-2 

Size range (mm) (WRB) <0.002 0.002-0.063 0.063-2 

Size range (mm) (AUS) <2 2-20 >20 

Size range (mm) (USDA) <2 2-50 >50 

Size range (mm) (WRB) <2 2-63 >63 

Observation Electron microscope Light microscope Naked eye 

Dominant minerals Secondary Primary; secondary Primary 

Attraction of particles High Intermediate Low 

Surface area High-very high Low-medium Very low 

Water holding capacity High Medium-high Low 

Aeration Poor Medium Good 

Compactability High Medium Low 

pH buffering capacity High Medium Low 

Element and nutrient retention High Medium Low 

Susceptibility to wind erosion Low Medium Moderate (esp. fine sand) 
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Susceptibility to water erosion 
Depends on degree of 

aggregation 
High Low (unless fine sand) 

Consistency when wet Sticky, malleable Smooth Loose, gritty 

Consistency when dry Hard clods Powdery some clods Very loose, gritty 

Source: Adapted from UNSW (2007). Notes: AUS = Australia; USDA = United States Department of 

Agriculture; WRB = World Reference Base for Soil Resources. The soil classification/taxonomy system 

adopted by the Irish Soil Information System is that of USDA. 

 

Soil texture can also affect the amount of pore space within the soil (O'Geen, 2013). Sand-

sized soil particles exhibit large pores and a relatively small amount of total pore space 

(interstices). Conversely, clay-sized soil particles have small pores and more total pore space than 

soil made of sand-sized particles. In terms of permeability/percolation and infiltration rate, water 

behaviour (interstitial water content) is a function of soil texture and soil porosity (Figure 1.2). 

From this, sand and silt contribute less than clay to a soil’s ability to retain soil water or nutrients 

(Table 1.1). 

 
Figure 1.2 An example of water behavior to permeability/percolation and infiltration into soils (topsoils and deep soils) 

as a function of soil texture and soil porosity. Soils with higher sand content, thereby lower porosity, exhibit a higher 

infiltration rate compared to soils with high clay content (higher porosity). Such hydrological conditions affects soil 

moisture, soil dielectric constant, and consequently, radar backscattering from soils. Source: Retrieved from Tobin et 

al. (2018). 

 

Soil texture (and mineralogy) is important for remote sensing (either optical or microwave 

types), since clay minerals (hematite, goethite, kaolinite, chlorite, and illite to name a few) affect 

soil reflectance (Coblinski et al., 2021), dielectric properties (permittivity) (Hallikainen et al., 

1985; Das & Paul, 2015; Babaeian et al., 2019) and electrical conductivity (Fletcher, 2022). Clay 

minerals influence the water dynamics in soil (Coblinski et al., 2021) and both chemical and 

physical soil properties. Hence, soil particle size fractions play a crucial role in studies based on 

remote sensing techniques (either optical- or microwave electromagnetic spectrum-based) and 

geophysical methods for soil analysis. 

Dielectric constant or relative permittivity is another parameter obtained from soil physical 

properties that is pivotal in microwave remote sensing. It refers to a measure of soil ability to 

store electrical energy (the amount of electric potential energy), in the form of induced 

polarisation, under the action of an electric field (Ilic, 2001). Some soil parameters are more 
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reliant on specific soil properties than others. For example, the available water content depends 

on the soil texture and structure (O'Geen, 2013). Table 1.2 shows an example of a range of values 

of water content for different types of soil in terms of the main textural classes. 

 

Table 1.2 Values of available water content for different types of soil 

Soil texture Available water content per soil 

depth (mm/m) 

Sand 25 to 100 

Loam 100 to 175 

Clay 175 to 250 

Source: FAO (1985). 

 

Soil texture is sometimes confounded with soil structure. The former affects the latter but 

they are distinguished by the fact that soil structure can be damaged and changed by land 

management, whereas soil texture can rarely be changed (Emmet-Booth et al., 2018). Soil 

structure refers to the aggregation of the individual particles of sand, silt, and clay assembled into 

clumps (Emmet-Booth et al., 2018) or aggregates. Aggregation of soil particles can occur in 

different patterns, resulting in different soil structures that affects water circulation (FAO, n.d.). 

Soil structure is most usefully described in terms of grade (e.g., weak, moderate, strong), class 

(average size such as fine or thin, medium, coarse) and form of aggregates (granular/crumb, 

blocky/subangular, prismatic/columnar, and platy). Soil structural form has been referred to 

architecture of the soil (Emmet-Booth et al., 2018) in terms of the physical arrangement of soil 

constituents.  

 

1.3 Current approaches to measuring and mapping soil PSF and soil texture 

1.3.1 Traditional methods 

The most common dimensions (diametres) typically defined for soil grainsize or particle size 

fractions are those of USDA and WRB (Table 1.1). They are obtained from field sampling, the 

particle size is then determined by laboratory analysis and procedures (Figure 1.3). Once sand, 

silt, and clay are determined, they can be classified into soil textural classes using a soil triangle 

or soil ternary/diagram or simplex. Such graphic representation reflects the composition nature of 

soils as each side of the triangle refers to 100 units (i.e. %, g/Kg, etc.). Methods to analyse particle 

size include the pipette method (a reference method), sieving, hydrometer, laser beam, and field 

hand estimates or ‘finger test’ (less precise semi-quantitative method). Descriptions of each 

method are found in Ribeiro et al. (2020).  

Regardless of method type, soil particle size fraction determination is a time-consuming and 

costly process particularly for larger areas, in a way that sampling design (including sub-samples), 

fieldwork and laboratory analysis are required. An example of sampling methodologies and 

laboratory analysis can be found in Jones et al. (2020). 
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Figure 1.3 An example of soil particle size distribution analysed in laboratory, depicting the fractions settled in cylinder 

after sedimentation, based on Stokes’ Law. According to Stokes Law, greater fractions (e.g. sand) fall faster in water 

than smaller ones. Source: USDA/ NSCS (n.d). 

 

1.3.2 Soil property retrieval with SAR  

Active and passive microwave remote sensors have been employed for soil properties 

estimation since the 1970s (Figure 1.4) employing both spatial and non-spatial approaches 

(Babeian et al., 2019; Domenech et al., 2020). Active sensors emit a pulse or beam towards an 

object and measure the received quantity of emitted energy; while passive sensors do not emit 

radiation but measure the backscatter or solar energy reflected by a target on the Earth’s surface. 

With regards to active microwave remote sensing in soil science, SAR data has been used to map 

soil properties, including soil texture, moisture, organic matter content, and salinity (Beale et al, 

2019), since the radar backscatter – the received signal or response (echoes) from elements on the 

Earth’s surface to a radar antenna – responds to soil characteristics, amongst other features on the 

Earth’s surface. 

 
Figure 1.4 Active and passive microwave remote sensors (including Sentinel 1) used for generation of the European 

Space Agency climate change initiative data sets, including soil properties. The vertical black solid lines in each box 

represent the start/end of missions; the arrows indicate the continuity of the mission. Source: Adapted from Babaeian 

et al. (2019). 

 

The SAR backscatter coefficient, measured as sigma nought (σ0), is commonly used for 

retrieving or estimating soil properties. It is a normalised function of variables associated with the 
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viewing geometry and land surfaces (Beale et al., 2019). More details on the backscatter 

coefficient is provided in Chapter 2. 

The process of estimating soil properties from SAR data over vegetated soil is a challenging 

task (Wang et al., 2023) due to scattering associated with vegetation, since either leaves (trees, 

crops) or grass may cover the entire soil surface. This results in attenuation of both the transmitted 

radar signal and the backscatter from the underlying soil (Beale et al., 2019). Thus, vegetation is 

often the most significant factor to account for in SAR soil property estimation. On the other hand, 

some SAR system specifications, such as the incidence angle, polarisation, wavelength/frequency, 

may decrease the effects of soil roughness and vegetation on the radar signal (Ulaby et al., 1978, 

1979; Mattia et al., 2006; Moran et al., 2012). Barrett et al. (2009). Since incidence angle is the 

angle between the radar beam and the angle relative to nadir (normal) at a local surface (e.g. soil, 

leaf, water), it equals the angle of reflection and affects the backscattered signal from that surface  

For example, concerning vegetation, at shallower incidence angles, most of the backscatter is 

expected to come from the plants (Moran et al. 2012; Morandeira et al., 2021). Shallower 

incidence angles (> 40 degrees maximise the response to crop conditions (Moran et al. 2012). 

Ulaby et al. (1979) showed that the effect of vegetation is minimised with incident angle lower 

than 20 degrees. Concerning soil roughness, Ulaby et al. (1979) observed that for bare fields, the 

effects of surface roughness are minimised with an incidence angle between 7 and 17 

degrees.Wang et al (2023) undertook a review of different approaches to retrieve surface soil 

moisture from SAR (Table 1.3), but it can also be extended to soil properties in general. 

Despite the usefulness and potential advantages of SAR data for environmental analysis, 

particularly concerning soil and vegetation, Moran et al. (2012) point out some common 

constraints and drawbacks of satellite measurements of radar backscatter. These are (i) it requires 

a correction for inherent speckle (i.e. a grainy "salt and pepper" texture in an image) resulting in 

a lower operational resolution even if the image is acquired in fine resolution; (ii) cropped fields 

must be on the order of 1 km2 to match the coarse spatial resolution of speckle corrected SAR 

data; (iii) the challenge of decomposing the signal associated with different incidence angles 

according to changes in crop/soil conditions; and (iv) total radar backscatter is a complex sum of 

the backscatter from vegetation and soil, making it complicated to determine if the signal is 

dominated by the crop or soil conditions (Moran et al., 2012). Nonetheless, these are pre-

processing procedures inherent to any SAR sensors. 
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Table 1.3 Summary of soil properties retrieval techniques from SAR data 

Approach Definition Characteristics Advantages Disadvantages References 

1. Scattering Modelling 

• Empirical 

Empirical scattering models are generally 

derived from specific data sets to capture 

the interaction of microwaves with natural 

surfaces through simple retrieval 

algorithms. 

Regression fits between in situ 

measurements and 

backscattering coefficient 

(σº). The σº is based on the 

amplitude information of the 

electromagnetic wave. 

Simple and straightforward. No physical basis behind the model. 

Usually only valid for the area under 

investigation. 

Holah et al. (2005), 

Jiang et al. (2020),  

Wang et al (2023) 

 • Semi-empirical The main structure of the model is based 

on theoretical models, and model 

coefficients are determined by a fit to 

experimental measurements. These type 

of models represent a compromise 

between the complexity of the theoretical 

models and simplicity of empirical 

models. 

Based on theoretical models 

but have been extended 

according to empirical 

observations. 

Offer a good compromise between 

the simplicity of empirical and 

complexity of theoretical models. 

Each model has certain validity 

ranges. Generally only valid for bare 

soil surfaces (apart from Water 

Cloud Model). 

Oh et al. (1992),  

Dubois et al. (1995),  

Wang et al (2023) 
 

• Theoretical Direct theoretical models simulate the 

backscattering coefficients for an area 

with known characteristics and specific 

roughness conditions. They comprise 

geometrical optics model, physical optics 

model, and the small perturbation model. 

Simulates backscattering 

coefficient σº as a function of 

volumetric soil moisture (mv), 

root mean square (rms) of 

surface height and known 

radar configurations. 

Not site-dependent. Only accounts for single scattering 

terms. Many input parameters 

required making model 

implementation extremely complex. 

Fung et al. (1992), 

Karam et al.(1992) 

 

2. Change Detection 

• Image Differencing and 

Ratioing 

Image differencing involves the 

subtraction of backscatter intensity values 

between two different date images. 

 

Imaging ratioing divides the intensity 

values between the two dates, usually 

followed by a thresholding operation. 

Subtraction (& division) of 

intensity values from different 

dates. 

Differences in σº can be related 

directly to soil moisture. 

Assumes surface roughness and 

vegetation remain time-invariant 

between dates. 

Rignot & vanZyl (1993),  

Thoma et al. (2006), 

Thoma et al. (2008) 

 

 

 

• Principal Component 

Analysis (PCA) 

PCA or eigenvector analysis is a statistical 

technique to capture key spatial patterns in 

multi-dimensional datasets by 

transforming a number of correlated 

variables into a reduced number of 

uncorrelated variables. 

Reduces the number of 

variables in a multi-

dimensional dataset. 

Enhances key patterns in the data. 

Change can be detected in the new 

“components”. 

Assumes multitemporal data are 

highly correlated. 

Lee et al. (1992), 

Knog et al. (2008) 

 

 

• SAR Interferometry 

(InSAR): Interferometric 

coherence 

InSAR exploits the phase (φ) information 

to calculate the interferometric coherence 

between two or more SAR scenes to 

provide complimentary information to that 

contained in the amplitude of the 

Temporal (phase) 

decorrelation of σº can be 

related to soil moisture 

changes. 

Compliments the information 

contained in the amplitude of σº. 

Several different factors contribute 

to the phase decorrelation of σº. 

 

 

 

Borgeaud &Wegmueller (1996), 

Srivastava & Jayaraman (2001), 

Wig et al. (2022) 
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backscattering coefficient, through 

interferograms. The phase (φ) of a single 

SAR image is a measure of the two-way 

path length of the radar signal from 

transmitter to ground target back to 

receiver. Their phase difference (φ 1- φ 2) 

can be used to generate topographic 

products such as Digital Elevation Models 

(DEMs).  

 

Interferometric coherence is a measure of 

the phase correlation between two co-

registered complex SAR images, ranging 

from 0 (no coherence) to 1 (perfect 

coherence). 

• Differential SAR 

Interferometry (DInSAR) 

DInSAR is a technique to separate 

topographic variations (i.e. DEM) and 

surface displacement to the path-length 

changes (InSAR phase), that is, two 

interferograms are subtracted from one 

another. This method extends the 

capability of InSAR for the measurement 

of small ground or surface deformations. 

 

 

Topographic phase 

contribution is removed. 

Decrease in phase (surface 

displacement) is correlated to 

an increase in soil moisture. 

Potential for estimating soil 

moisture with increased 

accuracies. 

High coherence limits the 

application to sparsely or non-

vegetated surfaces. A paucity of 

studies using this technique have 

been carried out to date. 

Nolan et al. (2003) 

Zwieback et al. (2015) 

 

 

3. SAR Polarimetry 

(PolSAR) 

• Polarimetric 

decomposition or target 

decomposition. 

SAR polarisation means the modes in 

which radar signals can be transmitted 

and/or received (oscillation patterns), 

whose configuration (channels or bands) 

can be expressed, for example, as Vertical 

Transmit-Horizontal Receive Polarisation 

(VH) or Vertical Transmit-Vertical 

Receive Polarisation (VV). These 

channels can be used to determine 

structural information of the scatterer 

making PolSAR suitable for target 

recognition and detection applications. 

 

Pol-decomposition breaks down the 

backscattered signature into the various 

Uses all polarisations to 

describe the complete 

complex scattering from 

within an imaged cell. 

Advantage of using PolSAR over 

traditional SAR due to its ability to 

measure all the polarisation 

characteristics of a surface target 

simultaneously. 

Can separate the different types of 

scattering mechanisms within the 

imaged cell.  

Limited by presence of vegetation 

(target decomposition theorems and 

Pol-InSAR interferometry can be 

used to compensate for these). 

Hajnsek et al. (2003),  

Shi et al. (2005),  

Cui et al. (2017),  

Yang et al. (2019), 

Wang et al. (2023) 
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different scattering contributions coming 

from the imaged cell, yielding polarimetric 

parameters, such as coherence (γ), entropy 

(H), and alpha angle (α). The latter is the 

main parameter that can indicate surface 

scattering (e.g., soil) and volumetric 

scattering (e.g., vegetation). 

4. SAR Data Fusion 

• Active (SAR) and 

Passive (radiometer) 

microwave technologies 

Data fusion in remote sensing combines 

multi-sensor datasets to create a better and 

accurate new image (output).  

 

 

Integrates SAR and 

radiometer measurements to 

help discriminate between the 

multiple influences on σº. 

Vegetation (volume scattering 

term can be separated) and 

roughness effects can be 

minimised. Fine and coarse 

resolution data can be combined. 

Issues in scaling and validation. 

Subpixel variability (passive data). 

O’Neill et al. (1996), 

Bolten et al. (2003),  

Narayan et al. (2004), 

Gao et al. (2022) 

 

• SAR and Optical Same as above but with SAR 

and optical measurements. 

Vegetation and roughness effects 

can be minimised. 

Issues in scaling and validation. Guo et al. (2019), 

Ai et al. (2021) 

Source: Adapted from Barret et al. (2009) and Wang et al (2023). 
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1.3.2.1 Estimating soil texture 

A theoretical explanation that underpins soil texture behaviour in the microwave spectrum 

refers to the relation between free water and bound water in soils (Dobson et al., 1981), which is 

controlled by the distribution of soil particle size fractions. Water can move more freely around 

the soil particles when soil moisture increases, and it is important to highlight that free water has 

a dominant influence on the dielectric constant (Barret et al., 2007). Thus, soil texture affects the 

backscattering coefficient, considering the fact that sandy soils contain a higher content of free 

water than clayey soils (Srivastava et al., 2006; Das & Paul, 2015), whereas the latter contains 

more bound water. This was demonstrated by Jackson and Schmugge (1989) who found that water 

molecules are adsorbed onto the soil particles and effectively immobilize their dipoles, restricting 

bound water from interacting with the radar signal (Das & Paul, 2015).  

Notwithstanding the importance of soil texture for understanding, analysing, estimating and 

predicting other soil properties, few studies address remote sensors for soil texture retrieval in 

vegetation-covered areas (Zhou et al., 2022), notably grasslands. Concerning optical remote 

sensing, Zhou et al. (2022) highlight that multispectral data is useful to capture directly bare soil 

reflectance and, when representing vegetation properties, such data can indirectly predict soil 

properties. However, they point out that the applications of them in soil texture classification over 

vegetated soil are still limited.Typically, approaches to date have focused on the utilisation of 

SAR for estimating soil moisture and use soil texture as a secondary variable to model these soil 

properties as the water retention in soils are dependent on their particle size distribution (Gorrab 

et al., 2015).  

Thermal remote sensing, a type of passive remote sensing, has been explored for estimating 

topsoil texture. Studies demonstrating such an approach are Rahimzadeh‐Bajgiran et al. (2013), 

based on evaporative fraction and applied in the Canadian Prairies; Wang et al. (2015) and Müller 

et al. (2016) with the latter based on the concept of thermal inertia; and Sayão and Demattê (2018). 

However, Rahimzadeh‐Bajgiran et al. (2013) point out that atmospheric conditions, such as 

clouds and water vapour, hinder the utilisation of remote sensing data within the optical and 

thermal bands with shallow measurement depth for surface and near‐surface soil properties 

retrieval. 

Rao et al (1988), based upon both empirical and theoretical approaches, studied the effect of 

soil texture on microwave remote sensing through the analysis of three types of soil moisture 

measures – volumetric, gravimetric and field capacity – and the dielectric constant values of moist 

soils. The authors selected three test sites in India with different soil textures (clay, clay loam and 

sandy loam). The results of their analysis indicated a clear separation among the soil textures 

using gravimetric moisture, wherein discrimination increases as the soil moisture increases. On 

the other hand, for soil moisture expressed in terms of volumetric content, minimal textural 

dependence was observed on microwave reflectivity. Despite the objective to examine the best 

way to represent soil moisture while minimising the effect of texture on the microwave emission, 
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the study does provide an insight into the relationship between soil moisture and soil texture in 

terms of moisture measurement units, as most researchers normally focus on volumetric moisture. 

Such considerations play an important role in estimating soil texture, as soil particle size fractions 

influence the dielectric constant due to their intersticial water content (Das & Paul, 2015).  

Hallikainen et al. (1985) evaluated the microwave dielectric behaviour of soil-water mixtures 

as a function of water content, temperature, and soil textural composition (clay, silt and sand) at 

frequencies between 1.4 GHz and 18 GHz., and found that soil texture had an effect on the 

dielectric behaviour over the entire frequency range, being most pronounced at frequencies below 

5 GHz. According to Das and Paul (2015), the empirical curves demonstrated by Hallikainen et 

al. (1985) are the most common methods found in the literature to relate soil moisture and the 

dielectric constant in the absence of direct field measurement.  

Zribi et al. (2012) proposed a method for the analysis and estimation of soil surface texture 

from TerraSAR-X over North Africa. Their study area included bare soils and olive groves, with 

the vegetation cover corresponding to approximately 5% of the soil surface area (Zribi et al., 

2012). The authors found a strong correlation between soil texture and a processed signal from a 

radar image acquired just after a rain event, and another image corresponding to dry soil 

conditions, acquired three weeks later. 

 

1.3.2.2 Soil texture as a proxy for retrieving soil moisture  

As satellite-coupled microwave sensors have been deployed since the end of the 1970s, there 

is a long history of research concerning the relationship between soil texture and soil moisture 

using remote sensing to analyse soil physical properties (e.g. Ulaby et al., 1978; Ulaby et al., 

1979; Dobson et al., 1981; Dobson et al., 1984; Hallikainen et al., 1985; Rao et al., 1988). Soil 

texture and soil moisture are indicators of each other in models considering that the former affects 

the radar-backscattering coefficient through the trade-off between sand and clay fractions in terms 

of their interstitial water content, which is held by gravitational and electro-molecular forces, 

respectively. Bound water interact less with the radar signal (Das & Paul, 2015). Consequently, a 

higher proportion of sand results in an increase in the backscattering coefficient, as the amount of 

free water significantly contributes to the SAR backscatter (Das & Paul, 2015), while decreasing 

soil clay content increases the sensitivity of the radar signal, even in C-band SAR, such as Sentinel 

1 (Das & Paul, 2015). 

There is notable literature available concerning the retrieval of soil moisture from SAR using 

soil texture as an influencing variable. Works include Hallikainen et al. (1985), Rao et al. (1988), 

Niang et al. (2014), Pratola et al. (2015), Das & Paul (2015), Montzka et al. (2018), Beale et al. 

(2019), Bousbih et al. (2019), and Gu et al. (2021).  

Gorrab et al. (2015) used a HH polarisation for retrieving both soil texture and soil moisture, 

at a 36° incidence angle. The imaging system used was TerraSAR-X in a flat area in Tunisia where 

vegetation cover is dominated by agriculture (cereals, olive trees, and market gardens). 
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Nevertheless, the test fields were targeted under bare soil. They demonstrated that it is possible 

to retrieve both soil texture and soil moisture using a single radar signal configuration (one 

incidence angle, one polarisation) (Gorrab et al., 2015). In order to achieve this, they proposed a 

change detection method using the SAR data and ground auxiliary theta probe network 

measurements, for the soil moisture estimation, considering 3 × 3 pixel windows for the 

computation of effective soil radar signals. A linear relationship between the radar backscattering 

signals (in decibels) and soil moisture was modelled by Equation 1.1 (Gorrab et al., 2015): 

 

𝜎 𝑑𝐵
0 =  𝑆0𝑚𝑣 + 𝑓(𝑅)                    Equation. 1.1 

 

where S0 is the radar signal’s sensitivity to soil moisture (mv) and f(R) is a function of the 

roughness R.  

For the retrieval of clay and sand content (in %), they established two empirical relationships 

between the mean moisture values retrieved from the radar images and the two soil texture 

components over 36 test fields in soil (Figure 1.5). 

 

  

Figure 1.5 Relationship between soil moisture, estimated from radar moisture maps, and soil particle size fractions 

(clay% and sand %). Source: Gorrab et al. (2015). 

 

In their methodological description for an algorithm based on the change detection approach 

for soil moisture retrieval, Gorrab et al. (2015) found a small improvement in the estimation of 

soil moisture when two TerraSAR images acquired under very dry conditions. amongst other five 

images acquired between late November 2013 and late January 2014, to account for temporal 

variations in surface roughness was introduced. Notwithstanding surface roughness is one of the 

factors that affect radar return. An accurate estimation of clay, with a root mean square error equal 

to 10.8%, was achieved after validation of the method in the second set of 34 fields. The authors 

proposed, and subsequently implemented, a simple algorithm to retrieve soil moisture from the 

TerraSAR-X radar sensor and field measurements, which allowed retrieval of soil texture, 

employing radar acquisitions with just one configuration (one incidence angle, one polarisation – 

HH). This approach is based on the approximately linear dependence of radar backscattering 

signals (in decibels) on soil moisture (Gorrab et al., 2015). The authors also relied on the 
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relationship between the measured decrease in intensity of backscattered radar signals and clay 

present in the soil, as demonstrated by Zribi et al. (2012). Gorrab et al. (2015) also identified the 

number of neighbouring pixels needed to minimize the effects of local terrain heterogeneities and 

speckle in the radar signals (i.e., 3x3). While these experiments were designed for bare soils, these 

authors concluded that it should also be possible to implement the proposed algorithm on surfaces 

with vegetation cover. They also concluded that the approach could also be applied to Sentinel-1 

data. 

 

1.4 Research motivation  

The motivation for this research is twofold. In a more specific context, this work seeks to 

highlight one of the soil key attributes – particle size fractions and soil texture – for analysis and 

inference of other soil properties. Furthermore, the research develops a novel approach for 

estimating the proportion of sand, silt and clay (spatially and non-spatially), particularly at a 

regional scale, as a complement to the crucial but costly, labour and time-consuming, traditional 

methods of soil sampling and soil analysis.  

The research addresses a critical gap in knowledge – the application of SAR data for soil 

textual retrieval over vegetation-covered areas. Currently, applications are mostly restricted to 

soil moisture retrievals over both bare and vegetated soils. Hence, this study is also motivated by 

contributions that can emerge for soil science and remote sensing knowledge. 

In a broader context, the motivation relies on the consideration of soil as an important natural 

resource in a scenario of climate change and environmental crisis, when inadequate soil 

management can lead to erosion (loss and degradation), decreased soil health and fertility, and 

carbon dioxide (CO2) release. Furthermore, soils are crucial for achieving the United Nations' 

Sustainable Development Goals (SDG) (Hou et al., 2020) addressed directly and indirectly in the 

global policy framework of the SDG, such as goals number 2, 3, 6, 11, 12, 13 and 15, as well as 

one of the target pursued under European Union Mission programme through the “A Soil Deal 

for Europe” scheme. 

 

1.4.1 Research rationale  

The rationale for the research is addressed under three topics, according to the following: 

▪ Why soil particle size fractions / soil texture? 

Soil texture has a direct relationship with a number of soil properties (Creamer et al., 2016), 

including permeability, fertility, moisture content, and organic carbon content, with the latter 

playing a central role in climate change (Lal et al., 2021; Frelih-Larsen et al., 2022). For example, 

there is an interplay between clay and soil organic matter (SOM) due to the ability of clay surfaces 

absorb and bind SOM and protect it from degradation (McDonald et al., 2014). Soil texture can 

affect the ability of a soil to sequester carbon (C) following afforestation in a site (silt and clay 

have a greater capacity to store C and adsorb SOM) (Wellock, 2011). Most of the chemical and 
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physical properties of the soil (e.g., swelling – shrinking capacity, and cation exchange capacity) 

are governed by the presence of clay minerals in the soil (Kumari & Mohan (2021).  

Little attention has been given to soil texture in microwave remote, and even proximal, 

sensing application, notwithstanding the importance of this soil property in soil science. Various 

approaches have been proposed for soil moisture monitoring by using radar remote sensing 

systems (microwave-based and optical-based), whereas a paucity of studies have focused on the 

analysis of soil texture (Gorrab et al., 2015). Typically, the latter is considered as an influencing 

and secondary variable when studying soil moisture or surface roughness from EO platforms 

(Gorrab et al., 2015; Zhou et al., 2022). 

Gorrab et al. (2015) argue that soil texture has only a very limited influence on radar signals, 

and is difficult to directly retrieve one component of soil texture (e.g., clay) from such data 

(Gorrab et al., 2015). On the other hand, empirical relationships based on a set of experimental 

data have been observed between soil texture and high-frequency X-band radar measurements 

(Gorrab et al., 2015). The research here investigates to what extent there is an association between 

soil particle size fractions and radar backscattering for a given set of physical and meteorological 

conditions in Ireland. 

It should be noted that soil mineralogy (i.e. analysis of constituents of soil grain size, such as 

vermiculite, illite, muscovite, goethite, hematite, silica, ilmenite, zircon, and monazite) is not 

explored in this research, despite its importance for remote sensing studies, particularly in optical-

spectrum based sensors, in light of the Open Soil Spectral Library. Multi-spectral remote sensing 

is commonly employed for mapping surface mineralogy (Roberts et al., 2019), and reflectance 

spectroscopy data (350–2500 nm) are successfully used in pedology as a predictor of soil colour 

and mineralogy (Poppiel et al. 2020). While dielectric models of the soils represent an important 

application in radar and radiometric remote sensing, the dependence of spectroscopic properties 

of the soil-bound water on soil mineralogy is yet not well-exploited (Mironov, 2004). Even if 

explored, such approaches using soil mineralogy would deserve another specific study.  

 

▪ Why topsoil? 

Topsoil, as the upper layer of soil, usually up to 20 cm depth, serves as support for ecosystem 

functioning and human activities. In most cases, topsoil is also related to the O horizon (organic 

horizon) if present and A horizon (surface horizon in mineral soils) (Figure 1.6 and Figure 1.7). 

Additionally, the top layer of soil is the first layer to undergo intensive use, leaching, and erosion 

(particularly bare soil), and to allow or avoid drainage, contamination, etc. The soil’s ability to 

filter water and absorb nutrients is first provided by topsoil. Broadly, shallow soils are more 

susceptible to extreme environmental conditions (i.e. drought and waterlogging or flooding) 

(Patel et al., 2021; Cybèle et al., 2022). Furthermore, radar backscatter reflects the most surficial 

information from the terrain rather than underlying soil, particularly with C-band SAR such as 
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Sentinel 1. From this, it is feasible to use topsoil as a unit of analysis within the microwave region 

of the electromagnetic spectrum with short wavelength. 

 

 
Figure 1.6 Idealised soil profile diagram with topsoil under pedological (eluviation) and geological contexts (parent 

material). Soil (or solum) consisting of A and B horizons. Source: Mahaney & Ramanathan (2003). 

 

 
Figure 1.7 Idealised soil profile diagram with topsoil and organic layer in relation to the parent material, in terms of 

weathering results (regolith) and the original rock (bedrock). The combined O, A, E, and B horizons form the soil (or 

solum). Source: Hess & McKnight (2017). 

 

▪ Why SAR? 
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Microwave remote sensing is an alternative to optical sensors under cloudy sky conditions, 

which is a common meteorological characteristic in Ireland. SAR sensor operates regardless 

weather conditions and luminosity level (i.e. it operates day and night). Furthermore, an active 

electromagnetic signal from a radar beam (e.g., from a C-band- and L-band SAR) can penetrate 

further into the soil (subsoil) than a pulse of light that bounces back (i.e. returns from the surface) 

to an optical sensor satellite (e.g. Sentinel 2). 

On the other hand, the utilisation of SAR for the retrieval of soil parameters can be 

challenging, particularly where most natural surfaces contain some type of vegetation cover that 

influence the radar signal. This is the case for Ireland, where grassland is the dominant land-cover 

category (EPA, 2013), accounting for 54.33% of the country’s territory (Eaton et al., 2008).  

So far, the investigation in other studies of soil parameters with polarimetric SAR remote 

sensing is constrained to bare soil areas and for retrieving soil moisture or soil roughness. SAR 

polarimetry exploits phase information and wave pattern oscilations from two orthogonal 

polarisations (i.e. H and V on each of transmit and receive) to determine the target response or 

scattering matrix. In addition, when dealing with soil properties retrieval under vegetation cover, 

it is important to separate individual scattering contributions from soil and vegetation, in order to 

extract only soil information (Jagd 

huber, 2012). This research evaluates one method addressing this and relies on the work of 

Ulaby et al. (1978; 1979) and Dobson & Ulaby (1981), who investigated the microwave 

backscatter dependence on surface roughness, soil moisture, and soil texture, and Cloude & 

Pottier (1997) and Jagdhuber (2012), whose work focused on the separation of the individual 

scattering contributions from the soil and the vegetation. 

The justification for the choice of a SAR approach in this thesis is based on the relatively 

greater ability of radar beam to penetrate the topsoil, and microwave remote sensors to deal with 

vegetation-covered soil due to wave phase information (polarimetry), compared to optical remote 

sensors.  This work was conducted using a single sensor and satellite imagery at a specific date 

to be applied in a specified (single) study area. Notwithstanding the use of a time series of Sentinel 

1 satellite images or a comparison of different SAR platforms (and wavelengths) and locations in 

Ireland are better approaches for results validation and demonstrating reproducibility, the decision 

on the datasets employed to carry out this research is mainly justified by a drier period/date criteria 

in order to ameliorate moisture effect due to rainfall in soil and vegetation. The specific rationale 

is highlighted accordingly in respective methodological chapters. 

 

1.5 Knowledge gaps  

The presence of vegetation over the soil surface reduces the backscattering sensitivity of soil. 

Concerning soil texture and particle size fractions, direct determination through SAR images is a 

difficult task as configuration of textural classes (i.e. particle size distribution) influences soil 

dielectric properties, arising from its water-holding capacity (Hallikainen et al., 1985; Das & Paul, 
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2015). In studies that focus on retrieving soil parameters from airborne and spaceborne platforms, 

soil texture is usually considered as an influencing variable when studying soil moisture or surface 

roughness (Petropoulos et al., 2015; Babaeian et al., 2019). The majority of studies are restricted 

to bare soil areas or bare agricultural areas (Niang et al., 2014; Gholizadeh et al., 2018; Mondejar 

& Tongco, 2019) and to retrieval of soil moisture in covered soil areas. Within this context, this 

research also aims to evaluate a method that can deal with such an issue. The key knowledge gap 

is determining soil texture, as a primary variable, through microwave remote sensing, over 

vegetation covered-soil. This has particular relevance for countries like Ireland, where grassland 

is the dominant land-cover category (EPA, 2013).  

 

1.6 Research questions 

The key research questions underlying this thesis, which are linked to their corresponding 

objectives outlined in the next section, are as follows: 

▪ How effectively can SAR data be employed to retrieve particle size fractions under 

vegetated topsoil? Is there a correlation between the backscattering coefficient and sand, 

silt, and clay fractions? (Objectives 1 to 4). 

▪ To what extent can polarimetric decomposition predict soil particle size fractions? Can 

surface scattering ameliorate vegetation cover issues for soil particle size estimation? 

(Objective 5). 

▪ What is the effect of treating soil particle size as compositional data into the models? 

(Objective 3). 

▪ Can soil texture classes be indirectly obtained from the quantitatively predictive models? 

(Objectives 1 to 4). 

▪ Should we employ spatial or non-spatial models to estimate soil grainsize fractions? What 

are the difference between them in terms of performance, accuracy and potential issues? 

(Objective 6). 

▪ To what extent or under what environmental conditions can the method be reproduced in 

another study area? (Objectives 1, 2, 4, 5, and 6). 

 

1.7 Research aims and objectives  

The primary aim of this research is to identify, develop and evaluate a suitable 

methodological approach to estimate topsoil particle size fractions across scale using SAR data. 

A secondary aim is to test a method that can deal with the issue concerning radar signal interaction 

(or mixture) between soil-vegetation near the soil surface. In order to achieve these aims, a 

number of objectives are identified as follows: 

Objective 1: Employ legacy data from soil surveys carried out in Ireland (point scale) to 

inform the selection of a suitable study area for training and testing the models (regional scale).  
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Objective 2: Utilise both linear-based and tree-based regression models to estimate sand, silt, 

and clay, in light of the variety and complexity of datasets. 

Objective 3: Compare soil particle size fractions as compositional and non-compositional 

data and their statistical effects on modelling and estimation of soil texture. 

Objective 4: Evaluate if topographical and geophysical covariates can improve the models. 

Objective 5: Evaluate polarimetric decomposition adapted to dual-polarisation data such as 

Sentinel 1 as a method for dealing with soil under vegetation cover and the intrinsic microwave 

scattering effects of vegetation on soils. 

Objective 6: Test two geostatistical methods (interpolators) for the spatial modelling 

approach. 

 

1.8 Thesis structure  

This thesis is divided into eight chapters. Chapter 2 provides a combined theoretical 

background and review of literature underpinning the main concepts on this thesis’s topic. The 

headings encompass topsoil and its layer depth considered in this research; the EO platforms for 

retrieving soil texture including the SAR technology; and soil properties modelling. This chapter 

provides a more general theoretical approach on the subjects addressed in this thesis whilst more 

details concerning theories are presented in the subsequent chapters according to their topic under 

analysis. Concerning the literature review, Chapter 2 outlines some related works on predicting 

soil texture and soil moisture from SAR, and how they deal with the effects of vegetation cover 

in soil backscattering in the models for those soil properties estimation. Chapter 2 concludes with 

a summary and review. It is worth noting that portions of chapter 2 are being included in a book, 

whose proposal was accepted for publication by Springer publisher. The related book chapter is 

in progress at the finalising stage of this thesis. Chapter 3 presents the study area and highlights 

the reasons why Ireland was selected to evaluate the methods. It also provides a brief 

characterisation of soils and geographical setting in the context of the study area.  

Chapter 4 focuses on estimating soil particle size fraction from a dual-polarised SAR. It 

outlines how soil texture was treated as compositional data within the model framework proposed. 

Chapter 4 was published in the European Journal of Soil Science (DOI: 10.1111/ejss.13414).  

Chapter 5 presents the dual-polarimetric decomposition method employed to estimate 

topsoil particle size fractions under vegetation cover. It provides information on how the method 

was applied by bringing a statistical approach that underpins the idea behind this technique that 

was mainly developed for classification and segmentation purposes. Chapter 5 was published in 

the International Journal of Applied Earth Observation and Geoinformation (DOI: 

10.1016/j.jag.103742).  

Together, Chapters 4 and 5 address the challenges, gaps, objectives, and the methodology 

employed to achieve the aims/goals of the research outlined in this thesis. The proposed modelling 
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approach and methodology applied in this thesis are not without limitations, thus both these 

chapters also summarise the main points of the limitations of the study.  

While Chapters 4 and 5 are rooted in a non-spatial modelling approach (i.e. without 

geographical coordinates), Chapter 6 addresses two different spatially explicit models (e.g. built 

upon interpolation + semi-variogram and interpolation + regression) to estimate soil particle size 

fractions. That is, geographical location matters under this approach and all methods and analyses 

were carried out under geographical information systems (GIS). Chapter 6 provides a comparison 

of the results obtained from the non-spatial models addressed in Chapter 4 to those of spatially 

modelled, employing the same datasets, including environmental covariates, and considering the 

same study area. This was achieved using statistical evaluation metrics in a bid to answer one of 

the research questions previously mentioned in this thesis. In general, Chapter 6 is outlined 

through a theoretical background on spatially explicit models; a review of literature on the use of 

both statistical and geostatistical models for different soil properties estimates, but stressing soil 

particle size fractions and soil texture; a geostatistical exploratory analysis of the response 

variables, based on the approaches of spatial pattern, spatial dependence and neighbourhood. A 

description of the strengths and limitations of the work is also included in this Chapter. The three 

methodological sections of this study (Chapters 4-6) were designed to provide a continuous and 

coherent approach to addressing the research questions identified. 

Chapter 7 provides a discussion of the results and findings by resuming the research 

questions and objectives presented in the introductory part and by informing to what extent they 

were achieved. It also discusses the limitations of the data, models, and methods employed in this 

study.  

Finally, Chapter 8 concludes this thesis by informing how this study has advanced the 

science for soil mapping and Geography. This final chapter also provides suggestions and 

directions for future potential works on this research topic and how might the approaches 

developed assist in the design of future soil sampling surveys – in Ireland or elsewhere. Chapter 

8 also highlights the importance of the work beyond the research community, for example, by 

bringing in recommendations to soil legacy and soil policy, from which Ireland may also benefit. 

In other to facilitate reading for those who are not familiar with some of the terminology in 

the field of remote sensing, Table 1.4 provides definitions of key terms used throughout this 

thesis. 

Table 1.4 Glossary of the main terms related to remote sensing and geographical information system 

Term Definition Acronym 

Artificial intelligence The ability of machines, computers or computer-controlled robot to 

perform and mimic tasks commonly associated with human mind. 

AI 

Backscattering It is the received signal or response (echoes) from elements on the 

Earth’s surface to a radar antenna, which serves as a measure of 

physical properties of targets (e.g., soil, vegetation, urban areas). 

- 

Data mining Data mining is the process of deeply searching and analysing large-raw 

datasets in order to identify patterns and extract useful information. 

- 

Digital mapping Also known as digital cartography, is the process to create display data 

of locations and geographical phenomena (physical, social) as an image 

- 
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on the computer screen. Simply put, it is the art, science, and 

technology of making and using maps with a computer. 

Drone Otherwise known as unmanned aerial vehicle (UAV) is a “flying robot 

that can be remotely controlled or fly autonomously using software-

controlled” (Krishnan et al., 2022) 

UAV 

Earth observation It is a set of platforms (satellite and aerial) in remote sensing to measure 

reflected or emitted electromagnetic radiation in order to monitor land, 

marine and atmosphere. 

EO 

Electromagnetic 

spectrum 

It refers to a ranking of distribution of electromagnetic radiation 

according to frequency or wavelength (radio waves, infrared radiation, 

visible light, ultraviolet radiation, X-rays, and gamma rays) 

- 

Geographical 

Information System 

It is a computer system for capturing, storing, visualising, analysing, 

modelling and interpreting geographic data (spatial/geospatial). 

GIS 

Machine learning It is a branch from artificial intelligence. It is a process to train a 

computer to learn from data in order to find patterns or extract 

information from data to make predictions and take decisions. 

ML 

Microwave remote 

sensing 

A set of remote sensors that remotely (i.e. at a distance, without 

touching the target) operates using the microwave region of the 

electromagnetic spectrum. Example: radar. 

- 

Optical remote sensing A set of remote sensors that operates using wavelengths of the 

electromagnetic spectrum from the visible to the near infrared up to 

thermal infrared.  

- 

Proximal sensing Proximal sensing involves the use of sensors in close proximity to the 

targets (e.g., soil, plants) and is installed on platforms ranging from 

handheld, fixed installations, or robotics and tractor-embedded sensors. 

- 

Radar Acronym: Radio detection and ranging. It is a sensing system that use 

radio waves to catch any reflected energy from targets. 

Radar 

Random forest It is a popular statistical model and machine learning algorithm used 

for classification and regression problems. It was developed by 

Breiman (2001) and is based on collection of tree-structured classifiers 

and/or regressors. 

- 

Remote sensing It is the science and technique of obtaining information about objects 

or areas on Earth’s surface from a distance, typically from aircraft or 

satellites. 

- 

Satellite A type of EO platform designed to remotely monitor and survey the 

Earth. 

- 

Sensor A device mounted on or embedded in EO platforms, which produces 

an output signal after sensing a target or physical phenomenon. 

- 

Spatial resolution The physical dimension that represents a pixel of the image. - 

Tree-based model Tree-based models are statistical models and machine learning 

algorithms that make predictions (classification and regression) by 

organizing data into a tree structure. 

- 
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CHAPTER 2 | THEORY AND LITERATURE REVIEW 

 

 

2.1 Introduction 

This chapter brings in the concepts and theoretical principles, in tandem with a review of 

literature, that underpin the development of the proposed research. The theory approach addresses 

soil properties, electromagnetic spectrum, principles of SAR, modelling soil texture, statistical 

models and relevant literature on Irish soils. 

Due to the nature of the relationship between soil moisture and soil texture and the 

methodological feasibility of the interplay between these variables, demonstrated in a number of 

studies, any relevant literature is also included. It comprises review articles that encompass recent 

advances and the state‐of‐the‐art of remote sensing techniques on retrieving soil properties at 

various spatial and temporal scales. Some of the literature also highlighted how remote sensing 

techniques dealt with vegetation effects on the backscatter from the underlying soil. 

The second section commences with a review on the state-of-art approaches employing 

remote sensing data and techniques to understand and retrieve soil properties in the microwave 

region of the electromagnetic spectrum. A discussion on SAR for retrieving soil properties and 

the main progress achieved and challenges faced by researchers is also presented. Insights about 

technical parameters of radars, such as polarisation and incidence angle, are identified and 

highlighted. A section on how soil moisture influences soil texture and vice-versa in radar signals 

is also included. The topic related to statistical modelling of soil particle size fractions 

encompasses both the statistical and geo-computation approaches to build spatial and non-spatial 

models in this research. The final subheading presents a summary and the knowledge gaps 

identified. 

 

2.2 Earth Observation platforms  

Earth observation (EO) is a subset of platforms to measure both reflected and emitted 

electromagnetic radiation, which comprises satellite, aerial (manned or unmanned) – remote 

sensors –, proximal sensors (e.g., Ground Penetrate Radar-GPR, and gantry or tripod-based), and 

ground sensors. Typically, there are three categories for measuring electromagnetic radiation 

from EO. They are visible, infrared and microwave. Hence, in terms of electromagnetic radiation, 

the EO can be divided into optical, thermal and microwave sensors. Frequency and wavelength 

determine the measurement depth of electromagnetic radiation (Figure 2.1 and Table 2.1).  

The electromagnetic spectrum ranges from short to long wavelengths, wherein the former 

includes gamma and x-rays; the latter, microwaves and broadcast radio waves (Figure 2.1). The 

visible region comprises a small portion of the electromagnetic spectrum, whose wavelengths 

range from approximately 0.4 to 0.7 μm (400 to 700 nm). In the infrared region, the reflected 

infrared (IR) is of interest in soil analysis and is typically measured by optical remote sensing 
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platforms – those of making use of visible, near-infrared, and short-wave infrared sensors. In 

microwave spectrum, the shorter wavelengths have properties similar to the thermal infrared 

region while the longer wavelengths approach the wavelengths used for radio broadcasts (CCRS, 

nd). Electromagnetic waves undergo an atmospheric scattering and absorption effects, 

particularly in the visible spectral region. Radiation in shorter wavelengths is more readily 

scattered than longer wavelengths – associated with the interaction between the radiation 

wavelength and particles of different sizes in the atmosphere. The areas of the spectrum where 

atmospheric effects are limited or non-existent are known as atmospheric windows (Walsh, 2003; 

Jensen, 2009), that is, where radiation or emitted energy in particular wavelengths can pass 

through. These "windows" are used in remote sensing to obtain information concerning Earth’s 

surface and objects on it. 

 

 
Figure 2.1 The electromagnetic spectrum (a) with focus on microwaves region (b). Source: Canada Centre for Remote 

Sensing (CCRS). (n.d). 

 

The main advantages of satellite platforms for environmental monitoring are their capability 

of sensing differences in surface properties using different parts of the electromagnetic spectrum, 

and their ability for measuring different surface properties – for example, plant health, soil 

moisture, soil texture, surface roughness, surface temperature (O’Hara, 2019). On the other hand, 

such EO platforms have a number of limitations including, the wavelength-dependent attenuation 

of electromagnetic radiation in visible and infrared regions, potential for occlusion by clouds and 

cloud shadow and poor temporal resolution (O’Hara, 2019), particularly with regards to optical 

sensors. As a result, typical environmental conditions (e.g., clouds and illumination conditions) 

and technical characteristics of satellites (e.g., spatial, radiometric or spectral, and temporal 

resolutions), have to be taken into account regarding the choice of EO platforms for use in a 
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specific application or purpose. Figure 2.2 depicts a general overview of different types of remote 

sensing platforms with an example of a radar application to a soil property retrieval.  

 

 
Figure 2.2 Examples of Earth Observation platforms and ground sensors. Source: Adapted from Babaeian et al. (2019). 

 

Microwave or radar sensors are not limited by cloud cover or illumination conditions. Radar 

is an acronym that stands for radio detection and ranging whose wavelengths is longer than visible 

light (Figure 2.1). They are systems that actively send electromagnetic microwaves from a 

satellite or an aircraft and receive information from the Earth through a radar antenna that receives 

the backscattered echoes from the continent- or ocean surfaces.   

While spaceborne SAR can be used to retrieve information on near-surface soil properties, 

surface features such as topography, roughness and wave interference affects radar signal return. 

The issue is that such interferences result in speckle that is inherent with active microwave 

systems. Thoma et al. (2008) point out that the methods designed to account for physical surface 

factors, image speckle and radar geometry influence on return signal can be grouped into 

empirical, semi-empirical and physically-based models. They highlight that regardless of retrieval 

method, imagery is typically filtered using speckle reduction filters and the use of relatively small 

(i.e., several pixels) moving windows. A limitation on this procedure is that the relationship 

between filter window size and retrieval accuracy is not determined in the evaluation of image 

filtering techniques but only in terms of image metrics (Thoma et al., 2008). Thereby, they used 

field measurements and statistical analysis across multiple watersheds in order to determine 

backscatter, speckle removal and signal enhancement, as well as the appropriate scale for soil 

moisture retrieval, in three watersheds located in the United States of America (Arizona, 

Oklahoma and Georgia), using ERS-2 and RADARSAT-1 imagery (C-band SAR). They found 

that a 5×5 filter level (stepwise median filtering) was the optimum for estimating watershed 

averaged soil moisture and the optimum ground resolution for the study areas was 162 m 

(Arizona), 310 m (Oklahoma), and 1131 m (Georgia) (Thoma et al., 2008).  
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Thoma et al. (2006) tested empirical, physical, semiempirical and image difference 

techniques (i.e., delta index) to estimate soil moisture employing Radarsat-1 and ERS-2, both C-

band SAR. These can be useful for other retrieval purposes such as soil texture. Delta index 

implicitly accounts for topography, vegetation and roughness (Thoma et al., 2006) as it relates 

the radar backscatter from dry soil and wet soil in a pixel for a given geographic location at a 

different time. It was calculated, per pixel and on a time-series basis, using wet and dry image 

pairs (Thoma et al., 2006). Apart from bare soils, the experiments were carried out in sites with 

low-density grass and a mixture of forest, crops, and pastures.  

Babaeian et al. (2019) described advances and the state-of-the-art of ground, proximal, and 

remote sensing techniques for retrieving soil moisture at various spatial and temporal scales. They 

highlighted (i) the straight relationship between wavelength and the depth of the soil layer 

measured by microwave signals (Babaeian et al., 2019); and, (ii) the increase in attenuation of the 

microwave signal in vegetated surfaces, which affect the soil layer depth contributing to soil 

moisture retrieval (Babaeian et al., 2019). The conclusions with respect to the remote sensing 

techniques are that (i) advances are needed for deriving physically based models for soil moisture 

retrieval from high spatial/temporal resolution optical/thermal remote sensing data; (ii) the 

combined use of active and passive microwave products may improve the resulting soil moisture 

retrieval accuracy and the spatial resolution. In general, such conclusions also apply to soil texture 

retrievals.  

In another review encompassing studies covering the period from 1978 until 2015, Das and 

Paul (2015) described the fundamentals of active and passive microwave remote sensing 

technology and the models and algorithms to retrieve soil moisture, outlining a number of 

limitations that exist in soil moisture estimation algorithms and the major factors that affect radar 

configurations. Among their conclusions, the following are highlighted: (i) each of the methods 

and models has limitations of retrieval capacity or the target surface characteristics, in terms of 

their microwave bands (L, C and X) (Das & Paul, 2015); (ii) the contribution of other factors that 

influences the soil reflectance may not be effectively minimized (Das & Paul, 2015); (iii) at 

microwave frequencies, many natural surfaces do not fall into the validation regions of the 

theoretical models, and the available models fail to provide results in good agreement with 

experimental observations (Das & Paul, 2015).  

A number of studies have proposed the implementation of multi-sensor (remote and 

proximal) and data fusion approaches for measurements of soil properties, instead of a single-

sensor approach, even though such an approach is still at its early stages of development 

(Mouazen & Shi, 2021). Examples are found in Rahimzadeh‐Bajgiran et al. (2013), Bousbih et 

al. (2019), Abdul Munnaf et al. (2019) and Xu et al. (2020). Bousbih et al. (2019) combined 

Sentinel-1 (radar data) and Sentinel-2 (optical data) for estimation and mapping of soil clay using 

support vector machine and random forest, resulting in an accuracy of 63–65%. However, 

Mouazen and Shi (2021) highlighted that the multi-sensor data fusion approach should be applied 
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with caution, as the prediction accuracy of a soil property depends on interactions between data 

from different sensors, which might lead to deterioration of results. Using different sensors, 

different time-series, different in-situ measurement instruments, and same geographical location 

may not capture processes occurring in soils and sources of variabilities linked to soil dynamics 

in different scenarios of land management practices (Mouazen & Shi, 2021) due to the challenge 

task to meaningfully match- and obtain information contained in a pixel of different sizes and that 

in the field from different soil sampling units (e.g. soil profiles, boreholes, trenching). A main 

issue arise from successfully obtaining soil spectral- and soil backscattering dynamic feedback – 

from visible and microwave spectrum-based sensors, respectively – to account for multiple drying 

after rainfall (Mouazen & Shi, 2021). In this context, data fusion approaches depend on synergies 

between data coming from different sensors. (Mouazen & Shi, 2021). 

Of relevance, Babaeian et al. (2019) provide a summary of the measurement depths of 

microwave bands (C‐band, L‐band, and P‐band) for various land surface covers (Table 2.1. See 

also Figures 2.4 and 2.6), which shows the penetration capability of short- and long wavelengths 

SAR to reach the topsoil layer under different soil covering conditions – grass and forest). 

Babaeian et al. (2019) also explained that the measurement depth ranges for each microwave band 

were calculated based on one-tenth (λ/10), one fifth (λ/5), and one half (λ/2) of the wavelength 

ranges for bare soil, sparsely vegetated surfaces and fully vegetated surfaces, respectively. These 

authors also take heed of such depths being approximation values, as soil moisture content, soil 

texture, and surface roughness also affect the measurement depth of microwave signals. On the 

other hand, that information provides an idea about the microwave band type for a specific 

application.  

 

Table 2.1 Approximate Microwave Measurement Depths for Bare Soil and Different Land Surface Covers 

Land surface cover Microwave bands 

X‐band 

(2.5 – 3.75 cm) 

(8 – 12 GHz) 

C‐band 

(3.75 – 7.5 cm) 

(4 – 8 GHz) 

L‐band 

(15 – 30 cm) 

(1 – 2 GHz) 

P‐band 

(30 – 100 cm) 

(0.3 – 1 GHz) 

Bare soil ~1.25–1.87 cm ~1.87–3.75 cm ~7.5–15 cm ~15–50 cm 

Agriculture and rangeland ~0.5–0.75 cm ~0.75–1.5 cm ~3–6 cm ~6–20 cm 

Forest ~0.25–0.37 cm ~0.37–0.75 cm ~1.5–3 cm ~3–10 cm 

Source: Babaeian et al. (2019). 

 

2.2.1 Synthetic Aperture Radar  

Synthetic aperture radar (SAR) is an instrument that is capable of retrieving bio- and geo- 

physical measures on the Earth’s surface. These returned signals, whose intensity depends on 

target characteristics, are known as backscattering which serves as a focus of interest for studies 

and applications in remote sensing to detect physical properties, including soil properties.  

The principle of Doppler beam sharpening or Doppler shift underpins SAR sensing (Van Zyl 

& Kim, 2010) - since Doppler assumes movement considering the object and observer, providing 

the apparent frequency change. It refers to the measurements of the frequency of the signal that 

is returned by the targets (multiple echoes) and indicates the direction from which those echoes 
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come from. Hence, targets can be separated in the along-track direction on the basis of their 

different Doppler frequencies (Van Zyl & Kim, 2010).  

Radar waves (Figure 2.3) interact differently with soil, vegetation, water, ice and built 

surfaces, as their geometric and electrical characteristics are the primary factors influencing an 

object´s return signal intensity (Liu et al., 2019). SAR is relatively unaffected by illumination 

(i.e., it can image at night) or clouds. Such characteristics of SAR systems are due to the fact that 

the wavelengths of the spectral bands of these sensors are much longer than the average diameter 

of the particles and molecules found in the atmosphere (Sano et al., 2020. Translated by Sandra 

Deodoro).  

 
Figure 2.3 Typical SAR bands with their respective wave representation in the electromagnetic spectrum, depicting the 

microwave remote sensing. Source: NASA EarthData (n.d.) 

 

The longer the wavelength (and the lower the frequency), the deeper the penetration into 

targets, particularly in forests (Table 2.2). Moreover, longer microwave wavelengths ( > 3.8 cm) 

have some important advantages over visible region of the electromagnetic spectrum for 

agricultural applications (Moran et al., 2012), owing to their ability of higher penetration within 

the vegetation volume, and the SAR signal can reach up to the underlying soil surface (Figure 

2.4). For example, L-band sensors are minimally affected by vegetation (Beale et al., 2019) 

depending on the geometry and leaves size, and foliar area density; and P-band (30cm – 100cm) 

can penetrate even tree cover to reach up to underlying soil volume (Srivastava et al., 2006). 

Nevertheless, apart from wavelengths, the capability penetration of SAR signals also depends 

upon plant parameters such as plant moisture, plant height and plant volume (Srivastava et al., 

2006). 

Table 2.2 Radar bands and applications 

Band Frequency 

(GHz) 

Wavelength 

(cm) 

Platform/Mission Descriptions / Applications 

P 0.3-1 100-30 Some products of 

UAVSAR 

– Greatest penetration depth through 

vegetation and into the soil. 

– Ideal for soil moisture and biomass. 

– Difficult to operate from space due to 

ionospheric effects. 
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L 1-2 30-15 PALSAR, UAVSAR, 

AIRSAR, JERS-1, 

Seasat 

– Provides vegetation penetration. 

– Applications included sea ice, geophysical 

monitoring, vegetation mapping (including 

tropical forest), soil moisture, and biomass. 

– Subject to ionospheric effects. 

S 2-4 15-7.5 NISAR – Little but increasing use for SAR-based 

Earth observation.  

– Agriculture monitoring.  

C 4-8 7.5-3.8 ERS-1, ERS-2, 

RADARSAT-1, 

Sentinel-1 

– Variety of applications, including sea ice, 

ocean winds, glaciers, and land-surface 

monitoring for motion risks; forest, water, 

and soil management. 

X 8-12 3.8-2.4 DMSAR, ASTRIUM,  

SRTM 

– Urban monitoring. 

– Ice and snow. 

–Vegetation cover (little penetration). 

– Fast coherence decay in vegetated areas. 

– Military reconnaissance. 

Ku 12-18 2.4-1.7 - SNL sensors (Sandia 

National Laboratories-

US) 

- SCLP (NASA) 

– Rarely used for SAR (satellite altimetry). 

– Snow and Cold Land Processes 

K 18-27 1.7-1.1 GRACE; NASA TDRS; 

GENEVO 

–  H2O absorption (rarely used) 

– Vehicle navigation 

– Traffic supervision 

Ka 27-40 1.1-0-8 KaSAR (ESA) – Rarely used for SAR (airport surveillance) 

– Natural (land, water) and anthropogenic 

targets 

Source: Adapted from ASF (n.d.), NASA (n.d.), and OSCAR (n.d.).  

 

Imaging SAR sensors have demonstrated their potential for the effective measurement and 

monitoring of soil surface characteristics at a high spatial resolution (Gorrab et al., 2015). 

Sentinel-1 is a C-band SAR, from the European Space Agency, that operates at a 5.4 GHz 

frequency, and an active sensor for near-surface soil moisture estimations (Babaeian et al. 2019). 

 

 
Figure 2.4 An example of the interaction of different wavelengths with different land cover types and scattering objects. 

The intensity of backscattered energy changes with wavelength and the way radiation is scattered. Source: Schumann 

& Moller (2015). 

 

There is a crucial point in terms of the interaction between the geometry of the target and the 

wavelength (Liu et al., 2019). Object geometry (e.g. trunk, large- and small leave, stem, grass, 

soil aggregate) and orientation are related to the physical interaction between topographical and 

surface related effects. Thus, surface roughness, topography and the geometric appearance and 
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density of the vegetation are three main geometric parameters (Woodhouse, 2021). The size of 

the object influences the interaction between the object and the incoming microwave radiation – 

the wavelengths tend to interact more with objects that are similar in size to the wavelength. This 

is due to the Rayleigh's Criterion (Bole et al., 2014; UIUC, 2010; Harvard, n.d.) that is usually 

applied to circular apertures, which is the case of SAR (i.e., cross-track direction and 

backscattering cross-section). As a result, longer wavelengths such as L or P bands, interact less 

with the smaller components (UIUC, 2010). For example, leaves and the small twigs have less 

impact on the microwaves that are passing through the canopy. Thus, in addition to the ability of 

microwave radiation to penetrate targets, there is also the ability to interact with them. 

 

2.2.1.1 Radar polarisation  

Radar polarisation refers to the mode in which radar signals are transmitted and/or received. 

In radar, waves are typically vertically or horizontally polarised. Depending on how the sensor is 

designed in terms of polarisation configuration, it can have a Vertical Transmit - Horizontal 

Receive Polarisation (VH) or Vertical Transmit - Vertical Receive Polarisation (VV), for 

example. Hence, radar polarisation refers to like-polarised waves (HH or VV) and cross-polarised 

waves (HV or VH), being all dual-polarisation (Figure 2.5). The former is also named parallel 

polarisation or co-polarisation and means that the scatterers reflect the wave in the same 

polarisation. Conversely, in cross-polarised, the signal may come back in a different plane as the 

transmitted and received polarisations are orthogonal to one another. Radar systems can have one, 

two or all four of these transmit/receive polarisation combinations (Table 2.3). 

 

Table 2.3 Examples of polarisation types in radar systems 

Type Polarisation 

Single polarised HH or VV (or possibly HV or VH) 

Dual polarised HH and HV, VV and VH, or HH and VV 

Alternating polarisation HH and HV, alternating with VV and VH 

Quad- or fully polarised HH, VV, HV, and VH 

Source: Canadian Space Agency (s.d). 

 

Typically, the intensity of the backscattered signals in parallel polarisation is greater (usually 

strong) than in cross-polarisation (Sano et al., 2020. Translated by Sandra Deodoro; Ibrahim et 

al., 2023), which is usually weak. On the other hand, cross-polarisation is associated with multiple 

scattering and is useful when volume (multiple) scattering occurs. Thus, it can allow the 

separation of soil and vegetation, and forest and non-forest (Sowter, n.d.). Co-polarised 

backscatters are less sensitive to vegetation, easier to calibrate and less susceptible to system noise 

than cross-polarised signals, using incidence angles between 30° and 45° (Dubois et al., 1995; 

Das and Paul, 2015). 

A radar’s polarisation type, to a certain extent, poses a penetration capacity in the targets on 

the Earth’s surface, as the polarised signal is associated with geometry and depends on incidence 

angle (Beale et al., 2019; Liu et al., 2019). For example, parallel polarisation (or co-polarisation) 



 

32 

 

can penetrate vegetation more than cross-polarisation. In soil applications, polarisation implies 

the capability of an electromagnetic signal to reach the topsoil and backscatter, providing 

information about it.  

In light of wave polarisation types, SAR polarimetry is an important concept in SAR 

applications. It refers to the polarisation state of the electromagnetic wave in an electromagnetic 

field including the magnitude and relative phase. SAR polarimetry also relies on the different 

oscillation patterns of the transmitted/received pulses. Thus, it is a useful technique for retrieving 

soil properties as polarimetry provides information for the physical interpretation of scattering 

processes and physical parameter retrieval. (Jagdhuber, 2012; Jagdhuber et al., 2013; Niang et 

al., 2014; Jagdhuber et al., 2015). Due to this unique characteristic of SAR polarimetry, 

polarimetric decomposition is one of the main applications of SAR and a commonly established 

technique for separating elementary scattering processes in microwave remote sensing. Typically, 

such a method can be divided into coherent – only one dominant scatterer is present within the 

resolution cell, which seems quite unlikely for natural environments (Jagdhuber, 2012) – and 

incoherent types, in which more than one scatterer occurs in the resolution cell. Incoherent 

decompositions are based on second-order statistics including depolarization effects (Jagdhuber, 

2012). More details on polarimetric decomposition methods are presented in later chapters, 

particularly Chapter 5. 

 
Figure 2.5 Examples of dual polarisation. Source: ESA (2007). 

 

Niang et al. (2014) used SAR polarimetric data extracted from a RADARSAT-2 image as 

covariates for developing a digital map of soil surface texture in Montreal, Canada. The image´s 

description is a quad polarisation mode or full polarimetric (HH, HV, VH, and VV), single look 

complex (SLC), fine spatial resolution (5.2 by 7.7 m, range by azimuth) and an incidence angle 

as of 23°. They applied the Lee refined filter (Lee and Pottier, 2009) to the radar data and extracted 

the polarimetric decomposition parameters (alpha, entropy, and anisotropy) employing different 

decomposition methods (e.g., Freeman and Durden, and Touzi decompositions). The authors 
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treated soil surface texture as compositional data applying the isometric log-ratio transformation 

to soil texture data.  

Another important concept in radar remote sensing is the radar phase, which is usually 

applied to the oscillation of electromagnetic waves. Precise knowledge of phase properties in 

radar signal data is a key element in interferometric as well as in polarimetric SAR (ESA, n.d.). 

The phase of an image is exploited in polarimetric decomposition, interferograms, or digital 

elevation models (Sano et al., 2020. Translated by Sandra Deodoro). 

Babaeian et al. (2019) highlight the use of cross-polarisation in Sentinel-1 to correct for 

seasonal vegetation effects in the co-polarised backscatter measurements. In general, horizontally 

polarised (HH) is preferred due to the better penetration of these waves through vertically oriented 

vegetation (grasses, crops) to reach the soil (Brown et al., 2003; Babaeian et al., 2019). This is 

consistent with Dubois et al. (1995), Das and Paul (2015) and Sano et al. (2020) for soil moisture 

context, as outlined previously. Table 2.4 shows examples of spaceborne SAR systems with the 

respective radar bands and polarisation types. 

 

Table 2.4 Characteristics of major spaceborne SAR systems 

Platform Sensor Band Polarisation Highest Spat. 

Resolution(m) 

Operational period 

SEASAT SAR L HH 25 1978 

SIR-A SAR L HH 40 1981 

SIR-B SAR L HH 25 1984 

Almaz-1 SAR S HH 13 1991-1992 

ERS-1 AMI C VV 30 199-2000 

JERS-1 SAR L HH 18 1992-1998 

SIR-C SIR-C L, C, X VV, HH, HV 30 1994  

X-SAR X-SAR L, C, X VH, HH 30 1994-1996 

ERS-2 AMI C VV 30 1995- 

RADARSAT-1 SAR C HH 10 1995- 

SRTM C-SAR C VV, HH 30 2000 

SRTM X-SAR X HH 30 2000 

ENVISAT ASAR C VV, HH, HH / VV,  

HV/HH,VH/VV 

30 2002- 

ALOS PALSAR L Quad-pol 10 2006- 

TerraSAR-X X-SAR X Quad-pol 1 2007- 

RADARSAT, 

RADARSAT-2 

SAR C Quad-pol 3 2012-2014 

2007- 

COSMO SAR-2000 X Quad-pol 1 2007- 

TecSAR SAR X HH, HV, VH, VV 1 2008 

Kondor-5 SAR S HH, VV 1 2009 

TanDEM-X SAR X Quad-pol 1 2009- 

RISAT SAR C Quad-pol 3 2009-2017 

HJ-1C SAR S HH, VV 20 2009-2012 

ARKON-2 SAR X, L, S - 1 2011 

Sentinel-1 C-SAR C Dual-pol 5*, 10** 2011- 

MapSAR SAR L Quad-pol 3 2011-2019 

KompSAT-5 SAR X HH, HV, VH, VV 20 2011- 

SMAP SAR L HH, HV, VV 3 km 2012- 

DESDynl SAR L Quad-pol 25 2015 

SAOCOM-1 SAR L Quad-pol 7 2018- 
Capella SAR X Single-pol: HH, VV 0.5 2020- 

Umbra 1, 2-3, 4-8 SAR X Single-pol: HH, VV 0.25 2021, 2022, 2023- 

IceYE SAR X VV 1 2023- 

Source: Adapted from Barret et al. (2009). *SLC Wave-Mode product; **GRD product. 

 

2.2.1.2 Backscatter 
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Radar measures the ratio between the power of the pulse transmitted and that of the echo 

received. This ratio is called the backscatter, that is, the signal that the object on the Earth’s surface 

redirects directly back towards to radar antenna after the sensor emits the pulse. It also refers to a 

normalised measure called the backscattering coefficient, which is the expression for the returned 

signal. It is a normalised dimensionless number that can be defined either as per unit area on the 

ground or per unit area in slant range.  

The backscattering coefficient has three main nomenclatures or notations depending on the 

type of measurement and on the plane reference area used to normalise the backscatter (Small, 

2011). Beta nought (ß°) refers to the radar brightness (or reflectivity area in slant range) 

coefficient and does not require knowledge of the local incidence angle; Sigma nought (σ0), 

typically expressed in decibel (dB), is the usual and conventional backscatter’s notation for the 

measure between the incident electromagnetic power and the reflected electromagnetic wave 

power (distributed scatterer) in an area on the ground (Barret et al, 2007; Zhang et al., 2017; 

Periasamny, 2018; Nasirzadehdizaji et al. 2019; Mandal et al., 2020; Qu et al., 2020; Salma et 

al., 2022). Sigma nought varies according to incidence angle, wavelength, and polarization, as 

well as with properties of the scattering surface itself. The intensity of σ0 is a function of the 

physical and electrical properties of the target, along with the wavelength (), polarisation and 

incidence angle () of the radar (Barret et al., 2009). Gamma nought (0) is the backscattering 

coefficient normalised by the cosine of the incidence angle, thus, it is recommend for areas with 

significant variation in topography (i.e., from flatten to mountainous terrain). 

In order to determine the relationship between the radar signal and certain biophysical 

parameters, many backscattering models have been developed over the past four decades taking 

into account the various sensor configurations and surface parameters (Barret et al., 2009). 

However, it is important to take into account the influencing factors on the backscattering 

coefficient. Major factors include radar configurations – polarisation, incidence angle and 

frequency or wavelength (bands) – and soil surface characteristics – roughness, vegetation cover, 

soil texture, soil moisture, and soil dielectric constant (Dobson et al., 1981; Das & Paul, 2015). 

An increase in the roughness of the surface results in a decrease in the specular reflection and an 

increase in the surface scattering, which in turn increases the backscatter returned to the sensor 

(Ulaby et al., 1982; Babaeian et al., 2019). As plant geometry and plant moisture content affect 

the scattering mechanism, this process is more complex in the presence of vegetation cover. Based 

on field experiments, pioneering studies that demonstrated the dependence of the backscattering 

coefficient to soil texture and soil moisture are that of conducted by Ulaby et al. (1979), Wang 

(1980), and Dobson et al. (1981), particularly under vegetation-covered soil. Dobson et al. (1981) 

observed that water in a soil medium consists of two components, adsorbed and free (or absorbed), 

thus, the soil particle size may be considered as the ratio of the number of free water molecules 

to adsorbed molecules. (Dobson et al., 1981). Ulaby et al. (1979) obtained a correlation of 0.92 

between the scattering coefficient and soil moisture in a vegetation-covered soil (four crop types), 
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measured at 4.25 GHz, incidence angle of 10°, and HH polarisation, using a Microwave Active 

Spectrometer. 

Saturation conditions also pose an effect on surface roughness backscatter, as soils with high 

moisture content, and supersaturated and flooded soils behave as specular surfaces (Figure 2.6), 

which yield lower backscattering at off-nadir angles (Dobson & Ulaby, 1981; Dobson et al., 1985; 

Das & Paul, 2015). With a moisture content threshold of 35%, measured as volumetric moisture 

content, the radar signal becomes insensitive to the soil moisture (Gorrab et al., 2014; Das & Paul, 

2015). The dependence of the radar signal on surface roughness in an agricultural area is mainly 

significant for low levels of roughness (Das & Paul, 2015). 

 

 
Figure 2.6 An example of a theoretical scattering under two different soil-covering conditions (forest and grassland) 

and different water content on soil conditions. Source: Bourgeau-Chavez et al. (2009). 

 

Apart from radar polarisation, the utilisation of particular incidence angles improve the 

selective observation of vegetation (high incidence angles) or underlying soil (low incidence 

angles) (ESA, 2007:52), particularly in agriculture. According to Ulaby et al. (1979) steep angles 

tend to penetrate further into the soil. In their experiment, they observed that radars with 

frequencies below 6 GHz and angles lower than 20° exhibit minimal vegetation-attenuation 

effects on the σ° soil moisture relationship (Ulaby et al., 1979). 

In soil applications, direct determination of soil texture using SAR data, however, is a 

difficult task as soil textural configuration poses a change in soil dielectric properties regarding 

its water-holding capacity (Hallikainen et al., 1985; Das & Paul, 2015). As previously mentioned 

in Chapter 1, soil texture affects the backscattering coefficient considering the fact that sandy 

soils contain a higher amount of free water than clay soils. In studies that focus on retrieving soil 

parameters from EO platforms such as satellites (including synthetic-aperture radar-SAR) and 
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airborne, soil texture is usually considered as an influencing variable when studying soil moisture 

or surface roughness (Petropoulos et al., 2015; Babaeian et al., 2019). 

In remote sensing, the premise of purely deterministic targets is not always valid (Richards, 

2009), likely due to the reflectance and backscattering contributions from neighbour targets. 

Thereby, incoherent target decomposition methods (based on reflection matrices), among models 

to decompose polarimetric synthetic aperture radar (SAR) images, are often used (Sano et al., 

2020. Translated by Sandra Deodoro). Examples of incoherent decompositions for backscattering 

analysis are the Yamaguchi model (Yamaguchi et al., 2005), which consists of four components 

(surface scattering, double-bounce scattering, volume scattering and helix scattering), and 

Cloude-Potier (Cloude & Pottier, 1997) with entropy, anisotropy and α angle components. 

Average entropy indicates that more than one scattering is contributing to backscattering, but does 

not estimate the number of mechanisms (Sano et al., 2020. Translated by Sandra Deodoro). More 

details on polarimetric decomposition methods are presented and discussed later in this chapter, 

and an application in the study area is demonstrated in Chapter 5. 

 

2.2.1.3 Electrical characteristics  

The intensity of a radar’s signal returning from the Earth´s surface (i.e., backscattering) is a 

result of the interaction between the electrical characteristics of surfaces, terrain features (e.g., 

roughness, slope) and geometric characteristics of targets (Liu et al., 2019; Beale et al., 2019). 

The dielectric constant (ε), also called permittivity, is one measure of an object’s electrical 

character, being a parameter that indicates the reflectivity and conductivity of various materials. 

It refers to a measure of the electrical potential energy of a substance under the influence of an 

electromagnetic field (Babaeian et al., 2019). Most natural materials have, in the microwave 

spectrum, a dielectric constant in the range of 3 to 8 when dry, whereas water has a dielectric 

constant of approximately 80 (ESA, 2007). This indicates that soil or vegetation with moisture 

content will display greater reflectivity in SAR data.  

Due to the clear distinction between the permittivity (dielectric constant) of water, solids, and 

air, this parameter provides a highly accurate determination of water content in the soil (Babaeian 

et al., 2019). Thus, in contrast to optical (spectral surface soil reflectance measurement) and 

thermal (surface soil temperature measurement) methods, microwave remote sensing measures 

bulk dielectric soil properties that are governed by soil moisture content (Babaeian et al., 2019).  

Studies on the importance of soil properties, including soil texture and soil particle size 

fractions, on the dielectric constant date back to the 1980s, conducted by Schmugge (1980), Wang 

and Schmugge (1980), Dobson et al (1985), and Jackson (1987) who developed dielectric mixture 

models for soil. Dobson et al. (1981) demonstrated that adsorbed water may have a much smaller 

permittivity than that of free water by as much as a factor of 10, due to the limited mobility of 

adsorbed water. In their study (a preliminary evaluation of the effect of soil texture on the radar 

response), they showed a weaker sensitivity to moisture content for “heavy soils” (high clay 
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content) than for “light soils” (Dobson et al., 1981), thus observed that microwave scattering 

properties of a soil medium may, in turn, depend on its soil texture.  

In soils, the dielectric constant is related to the bound water in soil surfaces which in turn is 

dependent on the total surface area of the soil available to the water molecules (Jackson, 1987). 

In the majority of soils, the dielectric constant is proportional to the number of water dipoles per 

unit volume (Dobson & Ulaby, 1986; Das & Paul, 2015). Apart from soil texture, it is also reliant 

on relative clay content (i.e. as a soil PSF) and clay mineralogy, such as montmorillonite (Dobson 

& Ulaby, 1981). Thus, soil particle size fractions are another key factor as they influence dielectric 

constant due to their interstitial water content (Hallikainen et al., 1985; Das & Paul, 2015). For 

example, in the context of soil moisture, the dielectric constant in sands is greater than in clays at 

given volumetric moisture, and the energy status of water in clay soils is more “prone to 

hysteresis” than that present in sands (Dobson & Ulaby, 1981:60).   

Using microwave remote sensing to estimate soil moisture, Srivastava et al. (2006) point out 

that the key factor underpinning this approach is the difference between the dielectric constant of 

water and that of dry soil at microwave frequencies. In wet soil, the dielectric constant value is ~ 

20 (Barret et al., 2007). An example of the influence of soil texture and soil moisture in the 

dielectric property (or permittivity) of soils is shown in Table 2.5. 

 

Table 2.5 The dielectric constant for Earth materials 

Material Dielectric Constant 

Sand (dry) 3 – 6 

Sand (saturated) 20 – 30 

Silts 5 – 30 

Shales 5 – 15 

Clays 5 – 40 

Humid soil 30 

Cultivated soil 15 

Rocky soil 7 

Sandy soil (dry) 3 

Sandy soil (saturated) 19 

Clayey soil (dry) 2 

Clayey soil (saturated) 15 

Sandstone (saturated) 6 

Limestone (dry) 7 

Limestone (saturated) 4 – 8 

Basalt (saturated) 8 

Granite (dry) 5 

Granite (saturated) 7 

Hubbard et al. (1997) 

 

2.3.2 Dealing with vegetated soils in SAR images  

The backscatter signal over terrain covered by vegetation consists of two primary 

components – one from the underlying terrain and the other from the vegetation (tree canopy, 

sparse leaves, grass). As a result, estimates of a specific parameter for terrain (e.g., elevation and 

soil moisture) will generally include a vegetation bias (Kasilingam et al., 2002). 

On the other hand, some SAR system specifications, such as the incidence angle, may 

decrease the effects of soil roughness and vegetation on the radar signal. For example, for soil 
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moisture retrieval, Mattia et al. (2006) point out that steep incidence angles (15< i < 30) are more 

useful for such an application. Moran et al. (2012) outline that some studies have reported the 

possibility of reducing or eliminating the sensitivity in radar look direction effects for linear cross-

polarisations. In vegetation-covered soil, Ulaby et al. (1978) suggested keeping the microwave 

frequency as low as possible as the attenuation through the vegetation increases with frequency, 

and angles lower than 20° exhibit minimal vegetation-attenuation effects the σ° (Ulaby et al., 

1979).  

Where there is potential to remove vegetation effects, the Water Cloud Model (WCM) is the 

tool most frequently used to estimate the backscatter coefficient of the land surface (σ0
soil) to 

retrieve soil moisture (e.g. Attema & Ulaby, 1978; Graham & Harris, 2003; Beale et al., 2019; 

Wang et al., 2023). Other studies, such as Grote et al. (2010), highlight the use of non-invasive 

geophysical techniques including GPR as an alternative to both conventional point measurement 

techniques and remote sensing for soil parameters estimation when significant vegetation is 

present. However, GPR is not feasible for sensing large areas (e.g., regional geographical scale). 

In general, the techniques used for removing and/or reducing vegetation effects on soil 

backscattering from radar can be grouped into two approaches, based on SAR polarimetry and 

SAR interferometry. The former concerns the amplitude and phase (φ) properties of the SAR 

signal, whereas the latter exploit phase information, precisely phase shift of waves (differential 

phase). The differential propagation of the electromagnetic waves into the soil causes the 

interferometric effects, that is, small scattering bodies in the soil or moisture gradients can 

produce phase and coherence variations (De Zan et al., 2014).  

Based on SAR polarimetry, polarimetric decomposition of vegetation and soil contributions 

is one of the methods commonly used to take into account the vegetation effects, that is, for 

separating the ground component from the vegetation component (Jagdhuber et al., 2013, 2015; 

Babaeian et al. 2019). Typically, polarimetric decomposition or target decomposition is the 

process of extracting information about the scattering process and describing scattering properties 

by partitioning the total power or intensity into relative contributions of different idealised 

scatterers. As a target decomposition, the resulting scattering mechanisms can be surface, volume 

or double-bounce types (Figure 2.7). Rough surface scattering is most sensitive to VV polarisation 

(NASA, n.d.). Volume scattering to cross-polarized such as VH or HV (NASA, n.d.); and double 

bounce is most sensitive to an HH polarized signal (NASA, n.d.).  
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Figure 2.7 An example of scattering mechanisms under different land cover contexts: rough surface (bare soil), 

arboreous (tree) and urban (buildings) and relative scattering strength by polarisation. Rough surface scattering: | 𝑆𝑉𝑉 | 
> | 𝑆𝐻𝐻 | > | 𝑆𝐻𝑉 | or | 𝑆𝑉𝐻 |; Double bounce scattering: | 𝑆𝐻𝐻 | > | 𝑆𝑉𝑉| > | 𝑆𝐻𝑉 | or | 𝑆𝑉𝐻 |; Volume scattering: main 

source of | 𝑆𝐻𝑉 | and | 𝑆𝑉𝐻 |. Source: NASA (n.d.). 

 

To apply a polarimetric decomposition using the polarimetric (non-interferometric) approach, 

SAR data has to be in a complex number output (i.e., the real in-phase component I and the 

imaginary quadrature component Q), which includes both magnitude and phase values required 

for performing polarimetric decomposition. Polarimetric decomposition is similar to the spectral 

mixing analysis or spectral unmixing methods employed in optical remote sensing. Such methods 

are used to decompose a reflectance or corrected radiance source spectrum into a set or a given 

endmember spectra or spectral signature, since not all pixel of a natural scene is pure, but a 

mixture reflecting the heterogenous nature of the surface (Somers et al., 2011; Manolakis et al., 

2016; Halbgewachs et al., 2022). 

Jagdhuber (2012) investigated the main scattering contributions from the soil and the 

vegetation through polarimetric decomposition and inversion algorithms. The author also pointed 

out that L-band was an ideal frequency for soil parameter retrieval under agricultural vegetation 

cover due to the adequate penetration of the vegetation canopy combined with a sufficient signal-

to-noise ratio (SNR) on bare fields. SNR is an important concept for any SAR application and 

technique as it refers to the ratio of signal power to noise power (SNR = received signal / system 

noise), typically expressed in decibels (dB) in remote sensing, and indicates whether a pixel 

contains more recorded signal or distortion or noise. The system noise is also called as ‘noise 

floor’, ‘noise equivalent’ or ‘noise equivalent sigma zero’ (NESZ). In Sentinel-1 data, the NESZ 

values are reliant upon the acquisition mode. Thus, maximising the SNR ratio is one of the goals 

in remote sensing since it means systematic noise in the backscatter signal. When SNR < 1, there 

is more noise than the amount of energy that is being received; conversely, for SNR > 1, the 

amount of energy received is larger than the system noise. 

Jagdhuber et al. (2013), underline the success of polarimetric decomposition (proposed by 

Freeman and Durden in 1998) techniques used to filter the vegetation contribution and estimate 

soil moisture on the isolated ground components, enabling the interpretation and decomposition 

of different scattering contributions. These authors argue that radar polarimetry provides the basis 

to decompose the backscattered signal into different canonical scattering mechanisms (Figure 

2.8), based on the assumption of separating scatterers by their polarimetric properties (i.e., 

measured polarimetric signatures). In general, the proposed approach combined polarimetric 

decomposition techniques with the concept of “multi-angularity” (Jagdhuber et al., 2013). They 

used the full polarimetric E-SAR (a Germany Airborne Microwave Sensor in operation since 

1989) data at L-band (thus, at lower frequency and longer wavelength) and applied a multi-

angular polarimetric decomposition for the estimation of volumetric soil moisture under low 

agricultural vegetation (comprising bare and vegetated soils). Decomposition was obtained from 

the coherency matrix into three scattering components – a depolarising surface scattering 
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component, a deterministic dihedral scattering component and a generalized volume scattering 

component. Both the surface component and the dihedral component carry information about the 

ground (Jagdhuber et al., 2013). After removing the vegetation component, soil moisture can be 

inverted (Jagdhuber et al., 2013). Regarding incidence angles, they observed a higher sensitivity 

to the ground scattering components (surface, dihedral) at higher local incidence angles. As result, 

they obtained a root mean square error level of 6-8 vol. % by validation of the estimated soil 

moisture, against ground measured.  

 

 
Figure 2.8 Three canonical scattering mechanisms for vegetated soils. From the scattering cenario illustration, [T] refers 

to coherence matrix and is closer related to physical and geometrical properties of the scattering process, thus provides 

direct physical interpretation. Source: Jagdhuber et al. (2013). Module 2301: SAR Polarimetry. 

 

In a similar approach, Jagdhuber et al. (2015) tested the full polarimetric L-band E-SAR data 

with an iterative generalised hybrid decomposition method to retrieve volumetric soil moisture 

for vegetated land surfaces. They obtained root mean square errors (RMSE) ranging from 0.04 to 

0.044. A drawback of the performance of model-based decompositions is their limitation to a 

certain range of local incidence angles (∼20° to ∼70°) (Jagdhuber et al., 2013). Both studies 

(Jagdhuber et al., 2013; 2015) employed airborne-based remote sensing platforms, extending 

application of pol-decomposition methods for datasets other than spaceborne platforms.  

Barret et al. (2009) point out some strategies to deal with issues related to discriminating the 

effects of roughness and vegetation from the backscattered radar signal. They cited the use of 

multi-frequency, multi-incidence and/or multi-polarisation radar, and Pol-InSAR for accurate 

biophysical parameter retrievals.  

Concerning SAR interferometry, the ground component resulting from surface scattering has 

different polarimetric signatures from the vegetation component (volume scattering), 

discriminated by exploiting interferometric phases of the ground and the vegetation components 

(Chen & Kasilingam, 2005). Interferometric methods (e.g., interferograms and coherence maps) 
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and SAR interferometry can estimate the vertical location of a scatterer within the pixel by 

exploiting the phase difference of two SAR images (Pichierri et al., 2018), whereas amplitude-

based techniques have a limitation concerning surface roughness that can influence backscatter 

(De Zan et al., 2014). On the other hand, polarimetric techniques could be useful to separate the 

signal contributions from vegetated soils (De Zan et al., 2014), that is, backscattering from soil 

and vegetation in an image cell (pixel).  

Polarimetric SAR Interferometry (Pol-InSAR) has the potential to separate the scattering 

contributions from the canopy and the underlying soil by inverting a two-layer volume over 

ground scattering model (Pichierri et al., 2018), and provides measurements to multiple 

polarisations. A scattering matrix [S], or equivalently a scattering vector (commonly expressed 

in the Pauli basis) represents each single look complex (SLC) pixel in the image (Pichierri et al., 

2018). An example for separating mixing backscattering and for removing vegetation bias using 

Pol-InSAR is found in Kasilingam et al. (2002) to obtain digital elevation maps (DEM) over 

terrain. In this study, the authors developed a method based on Direction of Arrival (DoA) 

algorithms for identifying the largest peak of the interferometric spectrum that best discern the 

ground and vegetation components. They assumed the peak was associated with the ground 

component as it is the largest component over most natural surfaces, even for forested terrain with 

a significant vegetation component (Kasilingam et al., 2002).  

Another study case used the independent component analysis (ICA) for separating the 

vegetation and the ground components from Pol-InSAR measurements in the Glen Afric region, 

Scotland. ICA is a statistical and computational technique for separating sources and revealing 

features that underlie sets of random variables, measurements, or signals (Tannous & Kasilingam, 

2009). In their study, Tannous and Kasilingam (2009) customised the FastICA algorithm 

developed by Hyvärinen and Oja (1997). Both authors applied an ICA algorithm in a physically 

based, three-component scattering mechanism, model proposed by Freeman and Durden (1998) 

– the depolarised canopy scattering component, the linearly polarised surface scattering 

component and the double bounce component. Tannous and Kasilingam (2009) assumed that (i) 

the individual scattering components are non-Gaussian and mutually independent (Tannous & 

Kasilingam, 2009); (ii) the measurements are linear mixtures of some unknown polarimetric 

scattering components (Tannous & Kasilingam, 2009); and (iii) the mixing process is unknown 

(Tannous & Kasilingam, 2009). Backscatter measurements were obtained at each pixel in HH, 

VV and HV polarisations in terms of a three-dimensional vector as follows (Tannous & 

Kasilingam, 2009) (Equation 2.1):  

 

                     s = [SHH    SVV    SHV]T                   Equation 2.1 

 

where SHH , SVV and SHV are the three polarimetric scattering components.  
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In the Freeman and Durden model, the surface component and the double bounce component, 

Rs and Rd, have similar signatures, and priory assumptions are that If Re{SHH*SVV} > 0, then 

surface scattering is assumed to be dominant, otherwise double bounce is assumed to be the 

dominant component (Tannous & Kasilingam, 2009). Relied on the property of most of the 

polarimetric radar measurements between cross-polarised component and co-polarised 

components, Freeman and Durden (1998) estimated the canopy component in their model 

decomposition. However, in their study, Tannous and Kasilingam (2009) focused on the 

separation of scattering components by comprising only the two co-polarised components, SHH 

and SVV and no assumptions were made about surface scattering and double bounce scattering. In 

doing so, this procedure is consistent with Sano et al (2020), Das & Paul (2015) and Dubois et al. 

(1995), who argue that the intensity of the backscattered signals is greater in parallel polarisation 

(or co-polarisation) than that of in cross-polarisation. The findings are also consistent with 

Kasilingam et al. (2002) who found that the HV component from the ground is generally small. 

Tannous & Kasilingam (2009) tested the FastICA algorithm and validated it using both simulated 

and field data. They observed that (i) the success of the technique is dependent on how well 

separated are the polarimetric signatures of the two scattering components (Tannous & 

Kasilingam, 2009), (ii) noise and depolarisation limits the ability of the technique to accurately 

separate the two components (Tannous & Kasilingam, 2009), and (iii) the results were consistent 

with other radar metrics from the study area (Tannous & Kasilingam, 2009).  

In their study, Chen and Kasilingam (2005) proposed a technique for separating independent 

components in a mixture of non-orthogonal sources, instead of in a standard orthogonal approach, 

by combining polarimetry with interferometry. According to these authors, although standard 

eigenvalue analysis of the polarimetric covariance matrix of the SAR measurement yielded 

orthogonal eigenvectors, the ground component and the vegetation component may not be 

necessarily orthogonal (Chen & Kasilingam, 2005). Based on this, they demonstrated that the 

non-orthogonal eigenvectors obtained by their proposed technique represent the ground and the 

vegetation scattering components. They observed that the ground component estimated in 

vegetated areas appeared to be a correction due to the vegetation bias, and it was strongly 

correlated to the interferometric coherence (Chen & Kasilingam, 2005). They concluded that their 

technique compensated for the vegetation bias, thus was able to separate the ground and 

vegetation scattering components.  

 

2.3.3 The use of SAR for soil analysis in an Irish context 

No studies addressing soil texture retrieval directly from SAR for Ireland were found up to 

the date of writing this thesis. The Web of Science (WoS), Scopus, Scielo and Google Scholar 

databases were searched for publications reporting applications of SAR to both soil PSF estimates 

and textural class retrieval.Only a few examples of applications for retrieving soil moisture 
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(taking soil texture into account) can be found in Barret et al. (2007), Pratola et al. (2014) and 

Pratola et al. (2015).  

Barret et al. (2007) proposed a technique based on a multi-temporal analysis (in the spring-

summer period) to derive relative changes in soil moisture in the near-surface (0-5cm) over a rural 

area in southern Ireland – on sloped terrain mainly vegetated with low pastures where the 

predominant soil type is silty loam. They employed an Advanced Synthetic Aperture Radar 

(ASAR) ENVISAT, C-band, at a 19° incidence angle and HH/HV polarisation. The authors found 

a correlation between the backscattering coefficient and volumetric soil moisture with R2 values 

of 0.76 and 0.78, from April to May, respectively. Conversely, the sensitivity of the SAR signal 

from May to July displayed a correlation with R2 values of 0.22 and 0.05. Barret et al. (2007) 

attributed this weak correlation to the advancing growth of vegetation (grass cover) that reached 

a height of 9.8cm in the July period, which might cause attenuation of the radar signal. Despite 

that, the authors confirmed the applicability of the incidence angles and polarisations used for 

Irish soils. The incidence angle chosen by Barret et al. (2007) agrees with Ulaby, et al. (1979), to 

whom steep angles tend to penetrate further into the soil. Radars with frequencies below 6 GHz 

and angles lower than 20° exhibit minimal vegetation-attenuation effects on the σ° soil moisture 

relationship. (Ulaby, et al., 1979). The results and conclusions presented by Barret et al. (2007) 

highlighted the effect of vegetation on radar signals, as well as to what extent grass height can 

affect the backscattering coefficient. 

In another approach for the same region in Ireland, Pratola et al. (2014) used the ASAR Wide 

Swath (WS) mode, at VV polarisation for retrieving of soil moisture, as well as for comparison 

and evaluation of the Global Soil Moisture Product – from the Global Climate Observing System 

– at Irish sites. The authors adopted a different approach as neither dense in situ station networks, 

nor hydrological models have been used, and they observed that the results obtained were 

consistent with those reported in other papers using different sensors and classical methods. 

According to them, this approach was also useful for understanding to what extent soil texture, 

terrain composition and altitude affect soil moisture retrieval in temperate grasslands. As result, 

they noted that during the winter, the distribution of soil moisture is rather homogenous over the 

ASAR pixels, whereas a larger spatial variability was observed in summer. They also noted that 

the coefficient of variation of sandy soil increases as the soil dries.  

Pratola et al. (2015) highlight the understanding of the effect of seasonality on backscattering 

as heavy shower activity (frequent, but localised) characterizes summer precipitation patterns in 

Ireland. Regarding the vegetation cover effect on the C-band backscattering signal, according to 

Pratola et al. (2014), the influence of the vegetation was considered insignificant on the ASAR 

WS dataset since all of the study sites are cultivated with relatively short grass. Therefore, the 

Irish grassland effects could be generally neglected in the retrieval algorithms. They based this on 

Dobson et al. (1992), who carried out experiments with the European Remote Sensing satellite 

(ERS-1) under VV polarisation, and found that an average height of 40 cm of grass cover had 
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little influence on backscattering coefficients, attenuating the signal by less than 0.2 dB. From the 

different aspects of the effect of grass on radar data found in such works, it is important to consider 

the seasonality effect as noted in Barret et al. (2007). 

In Ireland, where cloudy conditions are dominant throughout the year, it is important to 

consider the percentage of clouds in an image, which may hinder, or even make unfeasible, the 

use of optical EO data. In order to deal with such constraints, microwave-based satellites and 

aerial platforms (including drones) emerge as possible options. Notwithstanding the solutions 

brought by EO sensors to overcome illumination and cloud conditions, dealing with vegetation 

covered soil remains a challenge for soil’s properties studies in places with large areas of 

grasslands, such as Ireland. Amelioration of such challenges is still limited in remote sensing (e.g. 

in preprocessing steps and retrieving/modelling soil information).  

Studies for estimating soil particle sizes and soil texture in Ireland using microwave remote 

sensing are absent and there remains some gaps in the literature reviewed. Dealing with vegetation 

cover in SAR images in order to capture only soil information remains a challenge task. 

 

2.4 Modelling approaches for estimating soil particle size fractions  

2.4.1 Soil particle size fractions as compositional data 

Compositional data (CoDa) (Aitchison, 1986) is defined as constrained or closed data with a 

constant sum constraint (or closure) equal to 1 or 100 (i.e., proportions or percentages), carrying 

relative information. This leads to the general principle of CoDa analysis. Due to this constraint, 

compositional data cannot be considered as univariate data or variables but rather as parts of the 

composition (Todorov, 2021). Thus, in soils, the sum of the components sand, silt and clay has to 

be guaranteed (e.g. sum up 100%) to obtain the respective soil textural class (e.g., loam, silty 

clay), which performs the total part of the composite. 

Mathematically, compositional data is represented by points on a simplex wherein the only 

information is given by the ratios between components.  This simplicial sample space SD is also 

called the Aitchison geometry or the Aitchison simplex making up the structure of a real vector 

space. In the geometrical context, compositions are vectors whose components represent relative 

parts of a whole. Compositional data in three variables (D=3), which is the case of soil particle 

size fractions, are typically plotted in ternary plots or ternary diagrams. They are equilateral 

triangle whose barycentre graphically depicts the ratios of the three variables as positions. 

All relevant information in compositional data is contained as ratios between components 

(parts) known as a compositional vector of D parts, x = [x1, …,  xD]. A primary consequence of this 

condition is the fact that the use of standard statistical methods for the analysis of compositional 

data that is not consistent with specific geometrical properties and the principles of compositional 

data analysis (scale invariance, permutation invariance, and subcompositional coherence) leads 

to biased results (Filzmoser et al., 2018) and spurious correlations. In other words, such a caveat 

refers to the raw components of CoDa being subjected to product moment correlation analysis 
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with the potential for unreliable interpretation based on standard methods of multivariate analysis 

designed for unconstrained multivariate data. This is the reason why standard multivariate 

statistical and geostatistical methods assume an unconstrained sample space and why they fail to 

give reasonable results. 

In the late 19th century, Pearson warned the scientific community about such dangers by 

stating that interpretation of correlations between ratios whose numerators and denominators 

contain common parts must be done with caution (Pearson, 1897). This principle is applied in 

CoDa analysis on soil particle size fractions, for example, the total percentage p, is broken down 

into mutually exclusive parts with component percentages p1, …, pD and then transformed into a 

composition (Equation 2.2).     

 

              [x1,…,xD] = [p1,…,pD] / (p1 + …+ pD) Equation. 2.2 

                                                     

where [x1,…,xD] is a D-part composition (e.g., soil texture), and p1,…,pD refers to the parts (e.g., 

soil particle size fractions). 

In CoDa, the aim is to structure the simplex SD in a Euclidean space of dimension D-1. In the 

Euclidean space, one component or dimension (variable) would be omitted for the traditional 

method, thus, such space is not appropriate for the analysis of soil particle size data (Zhang & 

Shi, 2019). Aitchison geometry is analogous to the Euclidian space in CoDa analysis and enables 

to express compositional data in interpretable real coordinates formed by log-ratios of pairs of 

compositional parts. With that geometry, standard statistical procedures can directly be applied, 

which means the development of the geometric and algebraic set up that is necessary for building 

up reliable probabilistic and statistical models for such data. Moreover, traditional statistical 

techniques (cluster, discriminant analysis, factor analysis, regression models, etc.) are being 

adapted to that geometrical structure (Aitchison geometry). 

Since the original data are three-dimensional, soil PSF is commonly presented in a ternary 

diagram otherwise known as the textural diagram of soil, where soil textural classes are obtained 

– for example, loam, clayey, clay loam, sandy clay loam (Figure 2.9). On a triangular diagram, 

each side of the plot indicates the soil PSF and their composition (amount in %) and each corner 

represents a size particle. At the top, the soil would be clay; at the left corner, it would be sand, 

and at the right corner it would be silt. In order to find the soil textural class resulting from three 

PSF combinations, lines are projected from the percentages of each PSF and follow the respective 

directions indicated by the arrows. The intersection of these three lines corresponds to the class, 

which has a delimited region on the triangle.. 
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Figure 2.9 An example of soil particle size fractions in the simplex SD (3-simplex space for two soil samples consisted 

of sand (58%), silt (29%) and clay (13%) classified as sandy loam (coarse loamy) (Point 1); and sand (40%), silt (29%) 

and clay (31%) classified as clay loam (fine loamy) (Point 2). The textural diagram is according to the USDA-NSCS 

system. Note that percentages of soil fractions sum 100 in each sample – a constraint of both soil property and the 

simplex (ternary diagram). Source: USDA-Soil texture calculator. 

 

Perturbation (⊕) and Power (⊙) are the fundamental and the subsidiary operations in the 

simplex, respectively. They are used in statistics notations such as in linear models equation 

written specifically for CoDa – the simplicial regression. The former is analogous to translation 

in real coordinate space or Euclidian space (ƦD) and is used to find difference between 

compositions or change from one to another. The latter is the simplicial operation analogous to 

scalar multiplication in ƦD. 

Given the compositional nature of soil texture, it requires the use of log-ratio approaches for 

adequate mathematical modelling. In this context, as CoDa analysis relies on log-ratio analysis, 

log-ratio transformations (Aitchison, 1982) are applied to the data. The most widely used 

approaches are the additive log-ratio (alr), centred log-ratio (clr) and isometric log-ratio (ilr) 

transformations. They are all linear transformation methods. 

The additive log-ratio transformation (alr), or SD => ƦD-1, is a transformation method wherein 

the ratios involve the division of each of the first D-1 components by the final component 

(Equation 2.3). 

 

[y = alr x = [alr1x, alr2x, … ; alrD-1x] = [ln(x1/xD), ln(x2/xD), … ,  ln(xD-1/ D)]           Equation  2.3 

 



 

47 

 

The principal drawback of the alr transformation is that distances are not preserved, that is, a 

asymmetric transformation in the parts. The centred log-ratio transformation (clr), or SD => ƦD, is 

symmetrical and the denominator part is given by the geometric mean of the components of the 

composition (Equation 2.4). In other words, it maps a D-part composition from the simplex 

isometrically, using the geometric mean as a common denominator (Todorov, 2021). The clr 

transformation is defined by: 

 

z = clr x = [clr1x, clr2x, … ; clrD-1x] = [ln
𝑥1

𝑔(𝑥)
, ln

𝑥2

𝑔(𝑥)
 , … , ln

𝑥𝐷

𝑔(𝑥)
 ],                Equation 2.4 

  

where z is the clr-transform of a composition or a data matrix of clr-transforms of compositions; 

x is a composition or a data matrix of compositions; D is the number of parts (components); [ ⋅ ] 

denotes a row vector; g(x) = (𝑥1 ∙ 𝑥2  ∙ … ∙  𝑥𝐷)1/D  is the geometric mean of the components of the 

composition x in the napierian logarithm ln.    

The principal drawback of the clr transformation is the fact that the covariance matrix of a 

clr-transformed data set is singular and the Pearson correlation coefficient (Equation 2.5) is not 

informative. 

corr(𝑐𝑙𝑟𝑘  𝑥; 𝑐𝑙𝑟𝑗 𝑥),     Equation 2.5 

 

where k, j = 1, … , D. This is due to the clr-transformed vector has D components but belongs to 

a D-1 dimensional subspace, thus, the resulting vector is also constrained because the sum of its 

parts equals to zero.  

Notwithstanding the drawbacks, these two transformations of SD to a ƦD allow using standard 

multivariate methods. Finally, the isometric log-ratio transformation (ilr), or SD => ƦD-1, is a 

transformation method that preserves distance and is a representation of compositions by 

orthonormal coordinates. Thus, it is also known as the orthonormal log-ratio coordinates (olr-

basis) (Martín-Fernández, 2019) in SD (Equation 2.6).  

 

ilr x = [〈𝑥, 𝑒1〉𝑎, … , 〈𝑥, 𝑒𝐷−1〉𝑎 ],     Equation 2.6 

 

where 𝑒1, … , 𝑒𝐷−1 are the olr-basis in SD.   

The ilr transformation hereinafter olr (Martín-Fernández, 2019) is a procedure for calculating 

the coordinates of a composition with respect to an orthonormal basis of SD. The rationale of 

considering olr in our study relies in Martín-Fernández (2019) who coined this name in order to 

avoid confusion, since the clr transformation is also an isometric log-ratio transformation. 

The alr transformation is historically recommended for models where the log-ratio normal 

distribution plays a role like parametric models. For example, in the classical linear discriminant 

analysis. On the other hand, alr is not recommended for models based on distances (or metric 

methods) such as cluster analysis as the Aitchison distance is not invariant under a change of 
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denominator in the alr (Martín-Fernández et al., 1998). For such models, the clr transformation is 

normally suggested (Martín-Fernández et al., 1998). It is not recommended, however, for 

parametric models because the components transformed sum up to zero, thus the clr-covariance 

matrix is singular (determinant = 0) causing issues in the models. Such covariance matrix does 

not allow application of most of the multivariate (Todorov, 2021). The olr transformation (ilr) has 

the advantages of both alr and clr methods, and not the drawbacks of both. It is generally agreed 

upon to use log-ratio orthonormal coordinates (Morais and Thomas-Agnan, 2021). The 

disadvantage of this transformation method lies on the fact that the interpretation of olr may be 

not easy or straightforward. 

These transformations, particularly the olr method, play an important role in simplicial 

regression models. They transport the simplex space SD, equipped with the Aitchison geometry, 

into the Euclidian space ƦD-1, thus eliminating the simplex constraints problem (Morais & 

Thomas-Agnan, 2021). A compositional data approach has been employed to estimate soil particle 

size fractions in both non-spatial modelling (Chappell et al. 2019; Loosvelt et al., 2013) and 

explicitly spatial models (Odeh et al, 2003; Niang et al., 2014; Wang & Shi, 2017; Wang & Shi, 

2018; Zhang & Shi, 2019; Shi & Zhang, 2023). 

 

2.4.2 Non-spatial models: Statistical machine learning algorithms  

Machine learning is well-known as a specific topic in artificial intelligence realm. As per its 

nomenclature, it trains a machine to learn from data or to “handle the data more efficiently” (Dey, 

2016:1174) in order to interpret patterns (spatially explicit or not) or extract information from 

data to make predictions and take decisions. However, machine learning is also linked to statistics. 

For example, a simple machine learning model is the linear regression model, which can be used 

for generating predictions. Other common unsupervised and supervised statistical machine 

learning models are clustering, principal component analysis, logistic regression, and tree-based 

models. Hereafter such models are referred to as statistical machine learning (Hastie et al, 2009; 

Sugiyama, 2016; James et al., 2023), as statistical techniques and machine learning are combined 

together, particularly regarding to the tree-based models. It is worth noting that some classical 

statistical terms have their names changed in a machine learning context (Table 2.6), although 

definitions remain the same.  

 

Table 2.6 Differences of common terminology between statistics and machine learning 

Term definition Statistics Machine learning 

Target dependent variable / response label 

Variable predictor variable / covariate feature 

Transformation transformation feature creation / engineering 

Source: Adapted from Google Developers (2024). 

 

The main advantage of machine learning algorithms is their capability to build models and 

provide researchers with accurate results, quickly and automatically, even on very large scale data 
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(SAS, n.d.; Dey, 2016). On the other hand, they are reliant upon large amounts of data, along with 

requiring significant computational processing and data storage resources.  

The most widely adopted machine learning methods (or types of learning) are supervised 

learning, unsupervised learning and reinforcement learning (Figure 2.10). Regarding the former, 

algorithms are externally assisted and are trained as an input where the output is known. The input 

dataset is divided into training – which needs to be predicted or classified – and test dataset. The 

core tenet of this system is the recognition of patterns from the training dataset and application to 

the test dataset for prediction or classification (Dey, 2016). The learning algorithm receives a set 

of inputs along with the corresponding correct outputs, for example, soil samples collected in the 

field (in situ data). The algorithm learns by comparing its actual output with in situ data to find 

errors and modifies the model accordingly (SAS, n.d.). Through methods like classification, 

regression, prediction and gradient boosting, supervised learning uses patterns to predict the 

values of the label on additional unlabelled data. (SAS, n. d.). Thus, this method is commonly 

used to predict future events from historical data.  

Unsupervised learning is used when data has no historical labels. The system does not know 

the "right answer”, as the algorithm must figure out the patterns from the inputs (SAS, n.d.). In 

this approach, the algorithms learn new features from the data (Dey, 2016). The goal is to explore 

the data and find some structure within, thus, algorithms are also used to perform segmentation 

(image, texts) and identify outliers (Hastie et al., 2009). Popular techniques include self-

organizing maps, nearest-neighbour mapping, k-means clustering and singular value 

decomposition (SAS, n.d.). It is mainly used for clustering and feature reduction. 

 

 
Figure 2.10 Machine Learning methods. Source: Dey (2016). 

 

Machine learning has contributed to soil science, providing robust models for analysis and 

prediction of soil properties and soil parameters, given its ability to analyse different and complex 

soil datasets – remote sensor data, on-ground sensor data, and traditional point-field data 

(Padarian et al., 2020; Motia & Reddy, 2021; Silvero et al., 2023). For example, Padarian et al. 
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(2020) proposed a method to interpret a digital soil mapping model. They introduced and applied 

the Shapley additive explanations (SHAP) method to a convolutional neural network trained to 

predict soil organic carbon in Chile. According to them, the SHAP values are the contribution of 

a covariate to the final model predictions. As results, they found contribution of each covariate to 

the model predictions at a local and global levels, as well as a spatial interpretation of their 

contributions. They concluded that SHAP values should be included within digital soil mapping 

framework to address interpretability of more complex models. In their review, Motia and Reddy 

(2021) explored the use of machine learning methods for prediction and assessment of soil 

properties for improved decisions agricultural soil health management. Their analysis included 

algorithms, implementation tools, and performance metrics and concluded that the response for 

machine learning in the prediction and evaluation of soil properties for soil health management is 

promising for the sustainable growth of agriculture. Further, machine-learning methods are 

capable of tackling non-linear problems (Morellos et al., 2016). For example, in a comparison of 

predictive performance between two linear multivariate and two machine-learning methods in 

soil parameters and properties prediction (e.g., total nitrogen, organic carbon and moisture 

content), Morellos et al. (2016) highlight that machine-learning methods performed better than a 

selection of multivariate regression methods.  

The most common machine-learning algorithms for soil properties modelling are cubist, 

neural networks, decision trees, random forest, support vector machine, boosting, k-means 

clustering, regression splines, Bayesian networks and principal component analysis. For soil 

moisture retrieval from remote sensing, the artificial neural networks, support vector machines 

and the similar support vector regression, as well as tree-based models (e.g. random forest and 

boosted regression trees) are among the most commonly used algorithms (Araya et al., 2021).  

Random forests (Breiman, 2001) can be used for classification and regression purposes. The 

accuracy of a random forest depends on the strength of the individual tree and a measure of the 

dependence between them (Breiman, 2001). Growing an ensemble of trees and generating random 

vectors contribute to the accuracy, as the latter control the growth of each tree in the ensemble. 

As a random event, the method relies on the Strong Law of Large Numbers (an important theorem 

in probability theory) to cope with overfitting (Breiman, 2001), particularly for a large number of 

trees. Nevertheless, it is important to consider dropping features that do not contribute to the 

prediction process. In this context, hyperparameters play an important role, since tuning values 

are used to control the learning process, as well as to increase the predictive power of the model 

or to make estimation faster.  

Random forest model/algorithm has been employed in soil sciences for varied purposes and 

under different climate context. For example, for obtaining a predictive model for the transfer 

factor soil-plant for radiocaesium in Germany (Urso et al., 2023); to predict spatial distribution 

of soil pH, electrical conductivity, and soil organic carbon using several type of covariates in 

tandem with legacy soil data in India (Dharumarajan et al., 2017); to predict soil properties, in 
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combination with environmental variables, in a saline semi-arid area in Russia (Suleymanov et 

al., 2023); to generate digital mapping of soil classes in Southeast Brazil (Monteiro et al., 2023), 

to predict soil textural classes, in Turkey (Kaya et al., 2022), and to estimate particle size fractions 

in an area in Himalaya (Bashir et al., 2024), and in Canada (Martinelli & Gasser, 2022). 

There are many algorithmic approaches for a random selection of features using the training 

set in order to achieve classification accuracy. These may involve bagging, random split selection 

(at each node the split is selected at random from among the K best splits), a random set of 

weights, and Adaboost (adaptive reweighting of the training set). Using these validation 

techniques is important to improve model performance (Breiman, 2001). 

An important issue, as in any modelling process, is to model the error. The generalisation 

error for forests converges to a limit, as the number of trees in the forest becomes large (Breiman, 

2001). When using random forests for regression, the decrease in error from the individual trees 

in the forest depends on the correlation between residuals and the mean squared error of the 

individual trees (Breiman, 2001). Thus, a bound for the mean squared generalization error may 

be derived. For classification, the smaller the ratio expressed by the correlation between the 

strength of the individual classifiers in the forest divided by the square of the strength (c/s2), the 

better the generalisation error (Breiman, 2001). 

Understanding the mechanism of the random forest “black box” (i.e. models are created 

directly from data by an algorithm that make predictions based on complex internal processes) is 

essential (Breiman, 2001:6), that is, obtaining insights into the underlying relationship between 

inputs and outputs. However, it is difficult to decipher it, particularly in more complex models. 

The “black-box” characteristic of algorithms is largely discussed under both data science and 

critical data studies, as algorithms have direct relationship with data quality in terms of data 

completeness (Lauriault et al., 2007), which may also affect the accuracy of the results or outputs. 

Examples of such discussions may be found in Kitchin, & Dodge (2011), Seaver (2013), Mahnke 

& Uprichard (2014), Dey (2016), Kitchin (2017), and Davies (2019). Further, due to their black 

box characteristic, in order to provide machine learning models with more reliability in their 

predictions, confidence intervals for the error can be obtained (Bayle et al., 2020), particularly 

for random forest models as demonstrated by Marques F (2022). 

 

2.4.3 Spatial models: geostatistical and non-geostatistical methods 

Spatial modelling seeks to find and interpret spatial relationships, patterns, trends, and 

variations within a geographic area by leveraging the knowledge of geography and statistics 

(Singh & Sarma, 2023). This task is also facilitated by Geographical Information System (GIS) 

platforms by integrating in situ data and ancillary data such as thematic maps (e.g., soils, geology, 

topography, population) and satellite imagery (Singh & Sarma, 2023). In soil science geostatistics 

plays a crucial role in understanding the spatial variability of soil parameters (Singh & Sarma, 

2023). 
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Janowicz et al. (2020) discuss spatial models in the context of Geographical Artificial 

Intelligence (GeoAI) and point out that the use of AI techniques in geography and other 

geosciences is not new. The authors cite works from the 80s and 90s, such as those of Couclelis 

(1986) and Smith (1984), who discussed the potential role of AI for geographic problem-solving, 

as well as Kitchin Kitchin’s book on Artificial Intelligence in Geography (Openshaw & 

Openshaw, 1997). GeoAI is also a subfield of spatial data science and its tasks include image 

classification, object detection, scene segmentation, simulation and interpolation, prediction, on-

the-fly data integration, etc (Janowicz et al., 2020). 

According to Janowicz et al. (2020), spatially explicit models are those that fulfils at least 

one of the following requirements/tests and any of their combinations (Goodchild, 2001; 

Janowicz et al., 2020): 

▪ Invariance test. The results of spatially explicit models are not invariant under the 

relocation of the studied phenomena. 

▪ Representation test. Spatially explicit models contain spatial representations of the 

studied phenomena in their implementations, which can be in the form of coordinates, spatial 

relations, and place names, to name a few. 

▪ Formulation test. Spatially explicit models make use of spatial concepts in their 

formulations, for example, the notion of a neighbourhood. 

▪ Outcome test. The spatial structures/forms of inputs and outcomes of the model differ. 

Similarly, Singh and Thill (2021) discuss the properties of spatially explicit data that 

influence the performance of machine learning in a review paper. The properties are spatial 

dependence, spatial heterogeneity, scale, specific representation of the data (polygon, line, point, 

regular grid, text), and measurement process. These authors highlight that such properties are 

often ignored or inadequately handled in machine learning for spatial domains of application 

(Nikparvar &Thill, 2021). Based on their review, the authors recognised two broad practices in 

treating such properties in spatial domains, which are (i) the development of the properties of 

spatial data in the spatial observation matrix without amending the learning algorithm (Nikparvar 

&Thill, 2021); and (ii) spatial data properties are handled in the learning algorithm itself 

(Nikparvar &Thill, 2021). These authors argue that the latter practice offers the most promising 

prospects for the future of spatial machine learning. 

Regarding the properties of spatially explicit data, Nikparvar-Thill (2021) highlight insights 

concerning scale due to the trade-off between sampling and training. The reliability of the learning 

process depends on the similarity of the spatial distribution of the samples and the test samples 

(Nikparvar and Thill, 2021). As data come from a specific geographic area, this fact poses a 

challenge in training a model for different geographic areas because the distribution of the test 

and training data sets is not similar (Nikparvar and Thill, 2021). The authors pointed out that “the 

sampling strategy for the training data set is essential to cover the heterogeneity of the phenomena 

of interest over the spatial frame of study” (Nikparvar and Thill, 2021:6).  
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Geostatistical (spatial-geographic nature) and non-geostatistical modelling methods are 

employed in soil science by using different types of data, from field sampling (in situ data) to 

both remote- and proximal sensors (on-field sensors), including unmanned platforms of Earth 

observation (drones). The geostatistical modelling approach is useful when the purpose is to 

create spatially explicit models of soil properties or soil quality parameters. 

According to Singh and Sarma (2023), a complete geostatistical analysis process can be 

divided into (i) data exploration tools (e.g., histogram, normal Q-Q plot, voronoi maps, trend 

analysis, semi-variogram, general Q-Q plot and cross variance cloud); (ii) deterministic method 

for prediction or interpolation (e.g. inverse distance weighting-IDW, global polynomial 

interpolation-GPI, radial basis function-RBF, local polynomial interpolation-LPI); (iii) 

geostatistical method for prediction or interpolation (kriging, co-kriging, areal interpolation, 

empirical Bayesian kriging-EBK); and (iv) interpolation with barriers (kernel smoothing, 

diffusion kernel).  

A deterministic method offers reproducibility and stability as it operates without any 

randomness (Singh & Sarma, 2023). This approach is valuable when and where repeatability, 

reliability, and precision are essential (Singh & Sarma, 2023); however, it does not provide 

uncertainty estimation. In turn, geostatistical methods aim to model spatially correlated data, thus, 

it considered the spatial dependence or autocorrelation in the data. Apart from creating spatial 

maps, geostatistical approaches seek to quantify uncertainty in predictions (Singh & Sarma, 

2023). 

There is an extensive body of literature concerning statistical and geostatistical models for 

soil property estimation and prediction, including texture, soil organic carbon, and moisture 

content in the digital soil-mapping realm (Akpa et al., 2014; Gholizadeh et al., 2018; Cisty et al., 

2019; Bousbih et al., 2019; Araya et al., 2021). Typically, they rely on Multiple Linear 

Regression, Regression Kriging, Ordinary Kriging, Geographically Weighted Regression, 

Random Forest, Support Vector Machine Regression, and Random Forests. Examples of studies 

that explicitly treat soil particle size fractions as compositional data in spatial models are found 

in Wang & Shi (2017), Wang & Shi (2018), and Shi & Zhang (2023). 

Importantly, a specific method may perform in terms of accuracy and correctness, but its 

performance is dependent on the tuning parameters and nature of the data used. The optimum 

choice of method ultimately may represent a trade-off, depending on the characteristics of the 

study area and the aims of the research (Mei-Po Kwan, 2016; Janowicz et al., 2020). A common 

question that arises before an experiment is carried out, or even remains afterward, refers to which 

method fits the data and how to measure model performance. Testing more than one method may 

shed light on this question or help to reduce bias (Mei-Po Kwan, 2016), by using error analysis. 

In analytical prediction, modelling the error or assessing the amount of algorithmic uncertainty 

involved (Mei-Po Kwan, 2016; Shi & Zhang, 2023) is as important as the results prediction, since 

the former controls the latter. For example, in their experiment with four types of machine 
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learning models, Araya et al. (2021) applied the mean absolute error (average deviation of 

predictions from the measured value), mean bias (average systematic bias measurement), and the 

coefficient of determination R2 (a correspondence measurement between predicted and measured 

data) to assess the performance of models. 

The ability to learn complex nonlinear mappings without any prior assumptions are often 

cited as benefits of using specific machine-learning techniques in remote sensing (Araya et al., 

2021), as they can integrate data from different sources. Conversely, there are some drawbacks 

of machine learning methods, namely (i) the need for a large volume of training data, requiring 

extensive ground truth data sets; (ii) they are not able to forecast situations that they have not been 

trained on (Araya et al, 2021), as they are data-based methods, therefore interpretation of the 

interaction between predictors and a response is difficult. Nonetheless, such a disadvantage is also 

valid in any empirical/statistical model (extrapolation). Notwithstanding developing an 

application for soil moisture, Araya et al (2021) research was underpinned by the general ideas 

behind each method employed in their study (artificial neural networks, support vector machine, 

the similar support vector regression, random forest, and boosted regression trees). Further, it 

sheds light on the shortcomings and benefits of the machine learning methods tested in their 

experiment, which may be useful for analytical modelling of other soil parameters such as soil 

texture.  

Figure 2.11 depicts a workflow for soil property modelling based on a machine learning 

approach, developed for soil moisture content retrieval by Araya et al. (2021). The response 

variable and the covariates may differ in another study case, but it serves as a general model 

framework.  

 
Figure 2.11 Example of a flowchart of soil property modelling based on machine learning application, developed by 

Araya et al. (2021) for soil moisture. Source: Araya et al. (2021). 

 

A common approach is to randomly split the dataset at a proportion between70 % - 90% and 

30% - 10% for training and test sets, respectively (Shi & Zhang, 2023). Breiman (2001) withheld 

the remaining 10% for independent evaluation (test data) in their experiment with random forest 

models. However, when dealing with small datasets, cross-validation methods, such as leave-one-
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out (LOOCV), are recommended (Shi & Zhang, 2023) instead of randomly splitting data. Due to 

iteration, LOOCV can be time-consuming if the number of observations is large (James et al., 

2023), but this method can be used with any predictive modelling approach (James et al., 2023). 

Furthermore, data standardising is a recommended procedure for minimizing issues of scale (i.e., 

the units of the measurements) due to different types of variables, and for suitable and faster 

training (Araya et al., 2021).  

 

2.5 Summary  

Two main gaps were identified from the literature review: the lack of studies for estimating 

soil particle sizes and soil texture in Ireland using microwave remote sensing; and an approach 

for dealing with vegetation cover in SAR images in order to capture soil information and to 

improve soil particle size estimates.  

Concerning sensor-based data, the environmental conditions of the Earth’s surface at study 

areas pose issues in obtaining information on soils across all types of EO platforms. The technical 

aspects of instruments (i.e., sensor configuration) were another factor highlighted in the literature 

searched, particularly regarding SAR. For example, their ability to retrieve soil information is 

influenced by microwave bands (wavelengths and frequency) and incidence angle. That is, the 

penetration capability into tree canopy, leaves and topsoil, together with the intrinsic radar signal 

sensitivity to and radar signal backscattering from surface conditions. Proximal sensors for 

measurements of soil properties, such as GPR, are limited to discrete measurements at particular 

locations, which do not represent the spatial distribution exhibited by highly variable soil 

properties (Petropoulos et al., 2015). Remote sensing observations are only able to provide 

information about the upper few centimetres of the topsoil (Klotzsche et al., 2018). Conversely, 

the advent of satellite-based remote sensing can provide spatially explicit maps of surface soil 

properties from space, with high or low resolution depending on the sensor type. GPR, by turn, 

may close the gap between large-scale remote sensing methods and small-scale point 

measurements (Klotzsche et al., 2018), in addition to its potential to provide information about 

soil properties deeper in the soil rather than remote sensors.  

Despite the extensive literature concerning soil properties retrieval from EO platforms 

(spaceborne, manned and unmanned airborne, proximal sensing), dealing with vegetation cover 

in soil applications, remains a challenge. Das & Paul (2015) also raise such an issue claiming that 

one of the most “interesting” problems to be resolved is how to invert the moisture, soil texture 

and roughness from remote sensing data. Soil texture, by turn, being a key soil property, has a 

significant effect on the other properties, as shown by scientific literature pointing out that soil 

texture controls the (geographical) behaviour of soil moisture. Nevertheless, it has received little 

attention in studies that address analytical retrieval and modelling from SAR data under vegetated 

soil. This may be related to the fact that translating the microwave signal into a soil characteristic 

is not straightforward (Han et al., 2017) and separating individual scattering contributions from a 
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radar signal between soil and vegetation under vegetated fields in a pixel is a difficult task as the 

SAR backscatter comprises of scattering from soil, vegetation, and the interaction of these two 

elements (Dou et al., 2022). Thus, not all pixels of a satellite scene representing vegetation-

covered soil contain only a single scattering mechanism (e.g., surface scattering from underlying 

soil). In this context, polarimetric decomposition emerges as a feasible method, as it distinguishes 

the scattering contributions of different targets (e.g. canopy and underlying soil) (Barret et al., 

2009; Jagdhuber, 2012; Ji & Wu, 2015; Mascolo et al., 2021) and was originally employed for 

land use and land cover classification. 

To conclude, amongst the available options of active microwave sensors and retrieval soil 

surface parameters methods, Barret et al. (2009) highlight that for a selection of a certain 

technique, it is important to take into account (i) careful consideration of the specific research 

purpose (Barret et al., 2009); (ii) the major impact factors and accuracies required (Barret et al., 

2009); and (iii) prior knowledge of the study area conditions (Barret et al., 2009). 
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CHAPTER 3 | STUDY LOCATION 

 

 

3.1 Introduction  

Ireland was selected for employing the methods outlined in this study due to its 

meteorological conditions and land use/land cover features. It is permanently cloudy, which 

presents considerable challenges for employing optical spectrum-based sensors, and has extensive 

areas of permanent vegetation, which provides a suitable study location to assess the potential for 

radar or microwave spectrum-based sensors.  

Agriculture is the primary land use-land cover category in Ireland, accounting for 67% of the 

national land cover within which pasture is the main agricultural class (55%) according to the 

coordination of information on the environment – CORINE1 land cover inventory of 2018. 

Grassland for cattle grazing and silage making is the dominant land cover and cultural backbone 

of the rural economy in Ireland (Eaton, 2008). It is worthwhile to distinguish two categories of 

grassland in Ireland, namely semi-natural grassland and improved grassland for agriculture. The 

former is not intensively managed and is protected under the European Union (EU) habitats 

directive; the latter is heavily managed to maximise production, and thus they are not protected 

under the EU habitats directive.  

Thus, such land use/land cover context emerges as a challenge for employing EO data in 

areas like Ireland. Nonetheless, it assembles ideal conditions of land use management (croplands 

and grasslands) that allow remote sensors to capture information from soils, for example, 

leveraging the gaps between the leaves. 

The study area of this research comprises two experimental areas (Figure 3.1). A larger area 

encompassing a central portion of Ireland, from west to east coast, was selected for testing the 

spatial and non-spatial modelling approaches to estimating soil PSF. This portion of Ireland was 

adopted in order to have as much heterogeneity as possible in terms of physiography, soil, and 

land cover characteristics, which is important for the replicability of the models. Moreover, this 

selected area is predominantly flattened, which is important for the SAR radiometric calibration 

performed as sigma nought (σ0). The second experimental area comprises a small portion in the 

southeast of the larger area and was selected for comparing the dual-polarimetric decomposition 

results, especially the alpha parameter, with a Sentinel 2 image (optical remote sensing). This 

smaller area assembles key characteristics for this aim, such as being mostly topographically flat 

and exhibiting more patches of bare soil and very low vegetation (grasslands and croplands). 

Moreover, it was where the polarimetric decomposition method indicated more surface scattering 

mechanisms. 

 

 

 
1 An inventory of European land cover split into 44 different land cover classes. 
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3.2 Geographical setting  

Parent material (i.e. geology based), topography, organisms and climate are the key soil-

forming factors – and soil textural properties, such as clay, silt, and sand – through interaction 

among them. Thus, this section is structured according to such pivotal elements, except biological 

components, to interpret soils that generally characterise the Irish physical geography context. 

In Ireland, parent materials consist of solid geology (bedrock), glacial till (unsorted), fluvio-

glacial (sorted), and other (river alluvium, peat), but they can be broadly grouped as solid bedrock 

geology and bedrock derived glacial geology (O’Sullivan et al., 2018). It is also important to 

highlight the influence of glaciation in Irish soils concerning drift geology, given the 

transportation of unconsolidated deposits or loose sediments by ice, water, wind or gravity.  

Ireland is mostly comprised of lowlands (<150 m) (Figure 3.1), with flat gradient, and the 

midlands of Ireland are made up of a central plain of carboniferous limestone (O’Sullivan & 

Creamer, 2018). Altogether, the limestone lowlands account for approximately one-quarter of the 

land area (23.2%) (O’Sullivan & Creamer, 2018). Hill landscapes (i.e. upland areas between 150 

and 500 m above sea level) is most concentrated in the southern half of the country, particularly 

in the uplands of Munster (O’Sullivan & Creamer, 2018). Mountain landscapes (i.e. above an 

elevation of 500 m above sea level) represent only a small portion of the Irish landscape – they 

are mostly found in the western seaboard counties, and Wicklow county in the east of Ireland 

(Wicklow Mountains) – whereas peatlands (e.g. raised bogs, blanket bogs and fens) account for 

nearly a quarter of the land area (Renou-Wilson, 2018). Noticeable drumlin landforms (i.e. shaped 

over glacial till) stretch from Strangford Lough to South Donegal, whose soil (drumlin soils) can 

vary from reasonably dry soils to very heavy clay wet soils (O’Sullivan et al., 2018). This drumlin 

belt of the north midlands of Ireland that stretches across parts of Northern Ireland is one of the 

most extensive drumlin belts in Europe (O’Sullivan & Creamer, 2018). Moreover, altitude, aspect 

and slope determine the interaction between the site and solar radiation and precipitation, which 

lead south-facing slopes in Ireland receive more solar radiation and are consequently warmer and 

dryer with higher levels of evapotranspiration than slopes of a north-facing aspect (Walsh, 2012; 

O’Sullivan et al., 2018).  
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Figure 3.1 Topographical map of Ireland with experimental areas of this study are displayed in black and 

red squares. Source of data: ESA-Copernicus Digital Elevation Model 10 m (DEM-EEA10). 

 

However, the defined threshold between hill and mountain adapted for the physiographic 

map of Ireland (Geological Survey Ireland-GSI) (Figure 3.2), considered hills as landforms 

extending above the surrounding landscape ranging between 100 and 300 m altitude, whereas a 

mountain as an elevation of at least 300 m within 7 km (Pellicer et al., 2018). This threshold of 

300 m is reinforced in Ireland as the minimum altitude “reached by mountains” (Pellicer et al., 

2018:4) in the country in most cases, and the classification of hills were “to some extent in 

agreement with classification of soils in Ireland from a soil characterization perspective” (Pellicer 

et al., 2018:4), that is the Irish SIS (Creamer et al., 2014). The physiographic units are based on 

Ireland’s bedrock geology, geomorphology, and Quaternary sediments (Pellicer et al., 2018).  
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Figure 3.2 Physiographic map of Ireland depicting the broad-scale physical landscape units. Source: 

Geological Survey Ireland (2018).  

 

The climate is characterised as mild maritime due to the influence of the Atlantic Ocean (Irish 

west coast) and the western fringes of the European continent with prevailing south-westerly 

winds (O’Sullivan et al., 2018). In terms of dominant drivers and main processes in Irish soil 

formation, these authors point out the high rainfall rates in Ireland to be amongst the former, and 

leaching and gleying among the latter. They also highlight that excess soil moisture poses a 

constraint in Irish soils in terms of productivity and environmental perspectives.  

The average annual rainfall in Ireland is approximately 1288 mm (Curley et al., 2023) based 

on the period 1991-2020. The 30-year average annual distribution shows a typical west to east 

decrease (Curley et al., 2023).The higher totals rainfall are found in western coastal areas that 

coincide with the rain-fed peats (Ombrotrophic Peats) as well with the highest mountains in the 

southwest, west and north-west, as rainfall increases significantly with height. Spring and summer 

are the driest seasons with 256 mm and 282 of rain, respectively (Curley et al., 2023) while winter 

and autumn are wettest, with 380 mm and 369 mm, respectively (Curley et al., 2023). The driest 

months are April and May (79 mm and 82 mm, respectively), whereas December is the wettest 

(142 mm) (Curley et al., 2023) (Figure 3.3).  
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Soil temperatures in Ireland are moderated by the effect of the Gulf Stream (O’Sullivan et 

al., 2018). Soil moisture related to precipitation represents, in general, the dominant climatic 

factor affecting soil formation in Ireland, as precipitation exceeds evaporation (O’Sullivan et al., 

2018). This characteristic, in turn, has a direct relationship with leaching along with both the 

topsoil and throughout the soil profile, whose process is dependent on the texture of the soil. 

Overall, leaching and gleying are the two main active processes driving soil development in 

Ireland due to the high rainfall rates occurring in the country (O’Sullivan et al., 2018).  

 

 
Figure 3.3 Mean monthly rainfall ranges for Ireland from 1991 to 2020. Source: Curley et al. (2023). The Irish 

Meteorological Service. 

 

Soils in Ireland are relatively young (approximately 15,000 years) and their formation relates 

to the retreat of the last ice age of the Holocene epoch (O’Sullivan et al., 2018). Irish soils 

formation mostly initiated from a glacial till which forms the majority of parent material in the 

country (O’Sullivan et al., 2018). For example, clay-rich deposits from the Mid-landian 

glaciation, occurring in Wicklow and Wexford, on the east coast, can currently be associated with 

heavy, silty clay soils (O’Sullivan et al., 2018). Thus, glaciation played a pivotal influence on 

Irish soils since the majority of them derived from glacial deposits (O’Sullivan & Creamer, 2018). 

Due to this fact, “mapping and describing Irish soils represents a complex task” (O’Sullivan & 
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Creamer, 2018:118), as the authors highlighted that nine Great Soils Groups in Ireland (out of 11) 

were found in one field in Co. Cork during one soil survey.  

Amongst the key soil-forming factors, climate represents a major influence in soil formation, 

in particular temperature and precipitation. For example, the development of Podzol and Brown 

Podzolic soils are directly related to colder, wetter conditions that result in the development of 

lower horizons rich in Fe, Al and humus due to leaching (O’Sullivan et al., 2018). Precipitation 

also plays an important role in the migration and accumulation of the soil particles size on the soil 

surface layer and across the soil profile. For example, Luvisols are associated with clay being 

elluviated or moved down the profile and redeposited in deeper horizons.  

Limestone soils, which have a higher clay percentage, dominate the central lowlands of 

Ireland, and peat interspersed with these limestone soils is a prominent feature at this lowland 

(O’Sullivan & Creamer, 2018). 

 

3.3 Soil information for Ireland 

Limited soil information for Ireland has been generated using different digital soil mapping 

approaches – at continental and national scales. Currently, no directly derived soil textural map 

exits, rather, soil texture is derived from the soil modelling approaches, as presented below. 

 

3.3.1 LUCAS Survey 

At a continental scale, Ballabio et al. (2016) carried out a first approximation of the Global 

Soil Map products for Europe (Figure 3.4 and Figure 3.5), wherein they also developed the 

LUCAS topsoil database (soil samples collected at 20 cm depth).They predicted several soil 

properties (including sand, silt, clay) using remotely sensed data and spatial interpolation model. 

From the maps of each textural class (Figure 3.4) it can be noted that sand exhibits less occurrence 

than silt and clay in terms of content percentage, which resulted in a predominance of loam soil 

as depicted in USDA soil textural classes (Figure 3.4). Nonetheless, it is worth noting that such 

soil texture occurrence patterns in this instance are not accurate and have more to do primarily 

with the modelling approach and resolution of the datasets used for the predictive analysis. For 

example, the absence of peats and rock classes is noticeable. 
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Figure 3.4 Topsoil physical properties for Europe (based on LUCAS topsoil data). Left: USDA soil textural classes derived from clay, silt and sand maps. Right: Zoom (unscaled) in the study area from 

the USDA soil texture classes map. Source:  Adapted from Ballabio et al. (2016).  
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Figure 3.5 Clay, silt and sand content (%) in topsoil (0-20cm) modelled by Multivariate Additive Regression Splines. Topsoil physical properties for Europe (based on LUCAS topsoil data). 

Source:  Ballabio et al. (2016).  A yellow square was drawn on the figure to highlight the study area of this thesis.   
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3.3.2 Irish soil mapping 

At a national scale, the Irish Soil Information System (SIS) developed a national soil 

association map for the country at a scale of 1:250,000, together with an associated digital soil 

information system. The project used existing data and maps from the previous National Soil 

Survey at different scales. The Irish Soil Information System was co-funded by Teagasc and the 

Environmental Protection Agency (EPA) as part of their Science, Technology and Research & 

Innovation for the Environment (STRIVE) programme.  

A number of methods were employed, such as Random Forest, Bayesian belief networks, 

and neural networks in tandem with traditional soil survey applications,  to estimate soil map units 

in counties where soil information was not available (Mayr et al., 2013). Soil information such as 

soil classes, texture, and parent material (substrate) can be viewed for a specific area on a Web 

GIS platform on the Irish SIS website at http://gis.teagasc.ie/soils/ (accessed 29 June 2024), which 

is freely available to access by the public.  

A soil texture map was also derived at a national scale from the third edition soils map and 

associated database – the Indicative Soil Texture Map of Agricultural Soils in Ireland (Teagasc) 

at a scale of 1:250,000 (Figure 3.6). The inference of the main textural characteristics was 

supported by field observations taken all over the country, where soil texture was estimated by 

hand, and also where soil texture was measured in a laboratory for samples collected as part of 

the profile pit campaign. (Creamer et al., 2016). According to the indicative soil texture map, fine 

loam is the predominant soil texture class in Ireland. Nevertheless, it is important to highlight that 

this map provides only an overview of the range of soil textural classes that occur in conjunction 

with the main geological landscapes found in Ireland, thus, it is not appropriate for detailed 

mapping purposes or field-level descriptions (Creamer et al., 2016). The cut-off for the various 

texture categories is based upon clay content of the soil (%). In reality, soils will vary in their 

texture by 1–5% in most fields and by up to 20% in more extreme cases (Creamer et al., 2016). 

 

http://gis.teagasc.ie/soils/
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Figure 3.6 Indicative soil texture map of agricultural soils in Ireland. Source: Creamer et al. (2016). 

 

In terms of national soils survey, Ireland has two complementary soil projects that encompass 

both topsoil and subsoil in soil properties analysis (including soil texture and soil particle size) 

and field observations. The Tellus Project survey, managed by the Geological Survey Ireland 

(GSI), aims to gather geochemical and geophysical data across Ireland to examine the chemical 

and physical properties of Irish soil, rocks and water. The Tellus programme involves two types 

of surveying: (i) airborne geophysical surveying using a low-flying aircraft, and (ii) ground-based 

geochemical surveying of soil, stream water and stream sediment. In the latter, researchers collect 

soil samples from both shallower (5-20 cm) and deeper (35 – 50 cm) depths. The second project, 

Terra Soil, is a collaborative research partnership between the Geological Survey of Ireland and 

Teagasc, which aims to produce information on nutrients, trace elements in soil along with soil 

texture information regionally. Terra Soil was launched in 2018 and analysed soil samples from 

both upper soil (5-30cm depth) and deeper soil (35-50cm depth) layers.  

 

3.4 Datasets 
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Here, a brief overview of the data is outlined – with further detail provided in the respective 

methodological chapter. Specifically, this section addresses the data – soil, remote sensing, 

geophysical and environmental variables. 

 

3.4.1 Soil information 

Soil data, used to train and validate the models, consisted of 235 soil samples collected by 

different institutions and programs across Ireland covering both shallow and deep soil layers. The 

source datasets are as follows:  

▪ Irish Soil Information System (SIS). Modal and Non-Modal profiles (Creamer et al., 

2014). Soil Survey carried out by the Irish Agriculture and Food Development Authority 

(Teagasc); 

▪ LUCAS Topsoil 2009 Survey-v1 (Toth et al., 2013; Orgiazzi et al. 2018) and LUCAS 

Topsoil 2015 Survey (Jones et al., 2020), both soil campaigns were carried out by the 

European Soil Data Centre (ESDAC) under the programme named Land Use/Land Cover 

Area Frame Survey (LUCAS); 

▪ Soil Carbon Project 2008. SoilC was a two-year project to estimate soil carbon stocks in 

representative Irish soils (by field sampling and laboratory soils analysis) and to model soil 

carbon cycling in Irish grassland. It was carried out by the University College Cork (UCC) 

and Teagasc. Details on the survey and results can be found in Kiely et al. (2009). 

▪ WoSIS Soil Profile Database (June 2022). The World Soil Information Service (WoSIS) 

is a global soil database that aims to provide the user with standardised and ultimately 

harmonised soil profile data addressing 45 soil properties (physical and chemical). 

▪ All the dataset encompasses soil particle size fractions as one of the soil properties 

analysed but only the topmost layer (0-15 cm in depth) was considered in this study as it 

relates to topsoil.  

 

3.4.2 Microwave remote sensing data 

The Sentinel 1 imagery (Level 1, acquisition date: 2021-04-03) was initially co-registered, 

multi-looked and speckle-filtered using a Boxcar method at a 7 × 7 window size, and 

radiometrically and geometrically calibrated. Calibration was applied to convert the raw images 

into backscattering coefficients (σ0), for input in the modelling approach outlined in the 

methodological sections in Chapters 4-6. Terrain correction was applied by using the Copernicus 

Digital Elevation Model for Europe (ESA EEA-10) at 10 m spatial resolution. All datasets were 

reprojected to the Irish Transverse Mercator projection and IRENET-95 horizontal datum. These 

procedures were carried out using the Sentinel-1 Toolbox 9.0.0 version (SNAP-ESA).  

Radar-based data consist of (i) the backscatter coefficients (backscatter intensity) provided 

by the VV and VH polarisations measured in sigma nought (σ0) obtained for the in-situ soil 

sampling locations (i.e. soil legacy data, 235 soil samples), georeferenced; (ii) alpha parameter 
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resulting from the dual-pol decomposition, which varies between 0° and 90° and is used to 

determine the dominant scattering mechanism; (iii) the dual-pol radar vegetation index (RVI, 

Equation 3.1) (Nasirzadehdizaji et al., 2019; Gururaj et al., 2019) developed for crop monitoring 

using Sentinel-1; and (iv) surface soil moisture (SSM) which refers to the relative water content 

of the top few centimetres of the soil, measured by Sentinel-1 by the Global Land Service of 

Copernicus (raster 1 km, Europe, daily – version 1). Likewise the alpha parameter, RVI takes into 

account the vegetation effect on soil backscattering. 

 

RVI =
4σ VH

0

σ VV 
0 + σ VH

0  
Equation 3.1 

 

The rationale for focusing on Sentinel-1 datasets is threefold. Firstly, related to data 

availability and generalised technical reasons, such as their free-of-charge and prompt 

availability, their fine spatial resolution to be employed for larger areas and that matches the 

spatial resolution of the Digital Elevation Model for terrain correction – also available free of 

charge for Europe –, and their spectral resolution (i.e. C-band) that can pass through sparse and 

low vegetation to reach the top layer of soils. An X-band SAR has a lower ability to penetrate 

topsoil in comparison to a C-band SAR (Babaeian et al., 2019). Conversely, an L-band SAR has 

a greater ability for this endeavour, however, the data are not freely downloaded and, when they 

are, their download is not straightforward. For example, users of SAOCOM products in the ASI 

Zone of Exclusivity are required to download the SAOCOM Registration Data Package and 

submit via email a registration request, including a brief description of the project in which the 

SAOCOM data are intended to be used. This process takes time to acquire data for immediate 

use. Secondly, there is a GIS-based platform, developed by ESA, dedicated to processing radar 

datasets, particularly Sentinel 1, including tools for performing dual-polarimetric decomposition. 

The open-code software Sentinel 1- Toolbox SNAP is freely available for download. Lastly, there 

is a solid and robust body of work exploring a wide range of applications from Sentinel 1 C-band 

– from geophysical (including soil properties) to biophysical characteristics of Earth’s surface. 

 

3.4.3 Environmental data 

Topographical data derived from the digital elevation model (DEM) ESA EEA-10 (10 m 

spatial resolution) was used because of the soil-landscape relationship and an earth-surface 

characteristic related to soil-surface roughness (micro- and macro-relief of a soil surface), which 

is a result of variations in soil grains, soil aggregates, soil clods and due to tillage. In this study, 

the topography covariates consist of altitude, slope, aspect, and curvature of the slope (concave 

surface or convex surface). They were obtained from the aforementioned DEM by using the 

Spatial Analyst tool – algorithms for surface spatial analysis – available in the ArcGIS® toolbox 

– 10.6 version (Table 3.1).  
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Table 3.1 Summary of the procedures for deriving the topographic parameters from the DEM EEA-10 

Topographic parameter Description  

Altitude (elevation) Surface elevation values were extracted directly from the cells (pixels) of the DEM 

(ESA EEA-10), at the sampling locations, by using the “extract values to points” 

algorithm, without additional procedure. 

Slope The slope tool identifies the steepness at each cell of a raster surface. The lower the 

slope value, the flatter the terrain; the higher the slope value, the steeper the terrain. 

The output slope raster can be calculated in degrees or percent (percent rise). The 

percent rise can be better understood when considered as the rise divided by the run, 

multiplied by 100. When the angle is 45 degrees, the rise is equal to the run, and the 

percent rise is 100 percent. As the slope angle approaches vertical (90 degrees), the 

percent rise begins to approach infinity. In this study, slope is measured in degrees. 

Curvature Calculates the curvature of a raster surface, optionally including profile and plan 

curvature. The primary output is the curvature of the surface on a cell-by-cell basis, 

as fitted through that cell and its eight surrounding neighbours. Curvature is the 

second derivative of the surface, or the slope-of-the-slope. Two optional output 

curvature types are possible: the profile curvature is in the direction of the maximum 

slope, and the plan curvature is perpendicular to the direction of the maximum slope.  

In this study, we used the primary output in which a positive curvature indicates the 

surface is upwardly convex, a negative curvature indicates the surface is upwardly 

concave, and a value of zero indicates the surface is flat. 

Aspect The Aspect tool identifies the direction the downhill slope faces. The values of each 

cell in the output raster indicate the compass direction the surface faces at that 

location. It is measured clockwise in degrees from 0 (due north) to 360 (again due 

north), coming full circle. Flat areas having no downslope direction are given a value 

of -1. Broadly, 0=North, 90=East, 180=South, 270=West. 

 
Source: Spatial Analyst ArcGIS® 10.6 tool help. 

 

3.4.4 Geophysical datasets 

The geophysical data were derived from airborne geophysical surveying and provided by the 

Geological Survey of Ireland (GSI), under the Tellus programme, a national programme to gather 

geochemical and geophysical data across the island of Ireland. The data used in this study relates 

to airborne surveys carried out during 2015-2021, which were merged and published in 2022. A 

selection of electromagnetic, radiometric (gamma-ray spectrometer: potassium concentrations 

(%), equivalent uranium (ppm) and equivalent thorium (ppm)) and magnetic data was obtained 

from the GSI. The former measures how electrical currents flow through the ground and how it 

changes due to different types of rock or soil. The radiometric and magnetic data provide 

information about soil and rocks. 

Regarding the magnetic data (merged magnetic field anomaly in nT; 50 m x 50 m cell size), 

the First Vertical Derivative (1VD) dataset was selected, as it relates to the shallow magnetic 

responses, reflective of the top most soil layers (Ture et al., 2020).  

Electromagnetic data is commonly based on the mapping of apparent resistivity (ohm.m) or 

apparent conductivity; high resistivity (ρ) means low conductivity and vice-versa. All Tellus 

electromagnetic maps are published and presented in resistivity units. The electromagnetic 

resistivity at 25 kHz, reaching up to 50 m from the surface, in the 4F frequency composite image 

(from all four frequency images 0.9 kHz, 3 kHz, 12 kHz, and 25 kHz) was selected for this 
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research (Figure 3.7). The rationale for this selection relies on the fact that high frequency means 

low penetration, relevant for topsoil, and the composite image may reveal geological features not 

immediately apparent in each of the four individual resistivity maps (Ture et al., 2020). The image 

cell size is 50 m by 50 m (an area on the ground of 2500 m2) containing the average resistivity of 

all the points located within that cell. When the soil contains clay, the apparent soil electrical 

resistivity is influenced by the clay content. The electrical resistivity of clay ranges from ~2 to 

~100 ohm.m, whereas the electrical resistivity of sand is usually higher than 1000 ohm. (Besson 

et al., 2004; Grandjean et al., 2009). 

 

 
Figure 3.7 Approximate depths of investigation for typical Irish rock resistivities, for the four Tellus system frequencies, 

derived using the half-skin-depth estimator. Source: Ture et al. (2020). 
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CHAPTER 4 | AN ASSESSMENT OF SENTINEL-1 SYNTHETIC APERTURE 

RADAR, GEOPHYSICAL AND TOPOGRAPHICAL COVARIATES FOR 

ESTIMATING TOPSOIL PARTICLE SIZE FRACTIONS 

 

This chapter is published as: 

Deodoro, S.C., Moral, R. de A.; Fealy, R.M.; McCarthy, T., & Fealy, R. (2023). An assessment of 

Sentinel 1 SAR, geophysical and topographical covariates for estimating topsoil particle size fractions. 

European Journal of Soil Science volume 74, issue 5, September–October 2023, e13414, DOI: 

10.1111/ejss.13414, https://doi.org/10.1111/ejss.13414 

 

 

4.1 Context  

This Chapter refers to the first part of this study's methodology (out of 3) and focuses on the 

core tenet of microwave remote sensing data applied to soils, as well as on the behaviour of sand, 

silt, and clay in the radar backscattering. It also serves as a basis for the second part of the 

methodology, which is a continued assessment of Sentinel-1 data for predicting topsoil particle 

size by employing a SAR polarimetric technique. 

The data and methods outlined here seek to link two important concepts for soils and 

microwave remote sensing, as highlighted in the section "Theoretical background" (Section 4.3): 

topography and geophysics. Due to the lack of studies on this research subject, different aspects 

in terms of data and methods were considered for the statistical modelling approaches, such as 

the Sentinel-1 products available (SLC and GRD), the structure of the data (e.g., SAR-derived 

data, topography-based, geophysical-based), modelling approaches (e.g., linear-based and tree-

based), and interactivity amongst covariates (e.g., models with- and without interactions).  

Despite being motivated to answer two research questions – one related to the ability of SAR 

data employed to retrieve particle size fractions; and another related to the decision to consider 

soil particle size as compositional data in the models – findings from this Chapter also address 

the relationship between the backscattering coefficient and soil texture; obtaining soil texture 

classes indirectly from the predictive models; and the replication of the methods to another study 

area.  

 

4.1.1 Abstract 

Data derived from Synthetic Aperture Radar (SAR) are widely employed to predict soil 

properties, particularly soil moisture and soil carbon content. However, few studies address the 

use of microwave sensors for soil texture retrieval and those that do are typically constrained to 

bare soil conditions. Here, we test two statistical modelling approaches – linear (with and without 

interaction terms) and tree-based models, namely compositional linear regression model (LRM) 

and Random Forest (RF) – and both non-geophysical (e.g. surface soil moisture, topographic etc) 

and geophysical-based (electromagnetic, magnetic and radiometric) covariates to estimate soil 

https://doi.org/10.1111/ejss.13414
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texture (sand %, silt % and clay %), using microwave remote sensing data (ESA Sentinel 1). The 

statistical models evaluated explicitly consider the compositional nature of soil texture and were 

evaluated with leave-one-out cross validation (LOOCV). Our findings indicate that both 

modelling approaches yielded better estimates when fitted without the geophysical covariates. 

Based on the Nash-Sutcliffe efficiency coefficient (NSE), LRM slightly outperformed RF, with 

NSE values for sand, silt, and clay of 0.94, 0.62, and 0.46, respectively; for RF, the NSE values 

were 0.93, 0.59, and 0.44. When interaction terms were included, RF was found to outperform 

LRM. The inclusion of interactions in the LRM resulted in a decrease in NSE value and an 

increase in the size of the residuals. Findings also indicate that the use of radar derived variables 

(e.g. VV, VH, RVI) alone were not able to predict soil particle size without the aid of other 

covariates. Our findings highlight the importance of explicitly considering the compositional 

nature of soil texture information in statistical analysis and regression modelling. As part of the 

continued assessment of microwave remote sensing data (e.g. ESA Sentinel-1) for predicting 

topsoil particle-size, we intend to test surface scattering information derived from the dual-

polarimetric decomposition technique and integrate that predictor into the models in order to deal 

with the effects of vegetation cover on topsoil backscattering. 

 

4.2 Introduction 

Few studies address the use of microwave remote sensors for soil texture retrieval or for 

understanding, analysing and predicting these soil properties (Domenech et al., 2020). Typically, 

research to date has focused on the utilisation of Synthetic Aperture Radar (SAR) for estimating 

soil moisture or carbon content and employ in-situ soil texture measurements to retrieve those 

soil properties (Pradipta et al., 2022; Babaeian et al., 2019; Beale et al., 2019; Petropoulos et al., 

2015). Additionally, the investigation of soil texture with SAR remote sensing has largely been 

constrained to bare soil areas (Marzahn & Meyer, 2020; Mondejar & Tongco, 2019; Gholizadeh 

et al., 2018; Niang et al., 2014), which greatly limits its application. Similar to geophysical data 

based on electromagnetic signals, SAR data is reliant on dielectric properties (Marzahn & Meyer, 

2020); namely, a measure of the electrical properties of a material that can impede a charge to 

move when subjected to an external electrical field. Consequently, both share a common 

difficulty, translating the measured response, or signal, into a meaningful soil characteristic 

(Pradipta et al., 2022). An alternative approach is to understand the influence of the soil 

characteristic on the geophysical parameter (Pradipta et al., 2022), provided that studied data refer 

to the same field conditions (Grandjean et al., 2009). A pioneering study related to this subject 

can be found in Ulaby (1978; 1979).  

Since soil texture comprises a relative percentage of sand, silt, and clay, the soil property is 

compositional in nature (i.e. the sum of the components D (SD=3) is equal to 100%). In this 

context, we tested two different statistical modelling approaches – a linear model and tree-based 

model – to estimate the percentage of sand, silt and clay using microwave remote sensing data. 
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The modelling approach explicitly considers the compositional nature of soil texture and relies 

on the general principle of simplicial regression, that is, regression models fitted in SD space. In 

addition, we also evaluated the use of both topographical and geophysical covariates.  

In essence, we sought to address two key research questions: (i) to evaluate if radar-based 

methods, such as backscattering intensities from VH and VV polarisations, alpha, and a radar 

vegetation index (RVI) can be employed to estimate soil particle size; and, (ii) the value of 

explicitly considering the compositional nature of soil particle size [sand %, silt %, and clay %] 

in the modelling approaches, since their multivariate characteristic and sum of components are a 

constraint for obtaining soil texture (classes). 

This paper is organised as follows. Section 4.3 presents a brief description of both the theory 

and relevant works. Section 4.4 outlines the methodological procedure and the datasets used to 

carry out the research, including a description of the selected study area. This section also outlines 

the treatment of soil particle size as compositional data within the modelling framework. Sections 

4.5 and 4.6 present the results of the modelling approaches and discussion; finally, Section 4.7 

concludes by outlining the relevance of findings. 

 

4.3 Theoretical background 

Soil texture affects the radar backscattering coefficient, as sandy soils contain a higher 

amount of free water than clay soils (Srivastava et al., 2006; Das & Paul, 2015), whereas the latter 

contains more bound water. A theoretical explanation that underpins the behaviour of soil texture 

in the microwave spectrum refers to the relation between free water and bound water (Dobson et 

al., 1981), both onto and into the soil, as the distribution of particle-size fractions controls the 

amount of free water in soils. This is consistent with Jackson and Schmugge (1989) who found 

that water molecules are absorbed onto the soil particles and effectively immobilize their dipoles, 

restricting the bound water’s ability to interact with the radar signal (Das & Paul, 2015). Thus, 

the distribution of particle-size fractions controls the amount of free water in soils due to their 

interstice water content.  

Consequently, soil porosity (i.e. open space between soil particles) and seasonality of soil 

moisture influence the soil’s electrical resistivity and contribute to different soil texture 

characteristics (Grandjean et al., 2009). For example, during summer, under dry conditions when 

the effect of porosity dominates, soil resistivity increases as soil moisture content decreases as 

water is a conductor of electricity. Therefore, higher moisture content in the soil lowers its 

resistivity. Conversely, when the porosity is low, the electrical resistivity can be used to 

discriminate soils with different textures (Grandjean et al., 2009). During winter, under wet 

conditions when the soil pores (high porosity) are filled or almost filled with water, resistivity is 

highly sensitive to soil water (Grandjean et al., 2009). 

A core tenet for energy intensity measurements in microwave remote sensors is the radar 

range equation (Figure 4.1) which determines the proportion of energy that is returned from the 
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target. One of its parameters, the normalized radar cross section (σ0), otherwise known as 

coefficient backscattering, is of significant importance as it is a measure of the polarisation 

intensity (i.e. VV, VH in Sentinel 1). 

 

 
Figure 4.1 Diagram for the radar equation that is used to determine the proportion of energy that is being returned from 

a target. Source: ESA-EO College (2021). 

 

A key challenge for utilising SAR for the retrieval of soil parameters is the presence of 

vegetation; most natural surfaces contain some type of vegetation cover that will impact on the 

signal. The SAR backscattering values reflect the physical properties of the earth´s surface such 

as soil moisture content, surface roughness, topography, and dielectric constant (including soil 

and vegetation), which affect the measurement of microwave signals. Cross-polarisation is more 

sensitive to vegetation, as it captures vegetation response (backscattering) better than VV 

polarisation. Barret et al. (2007), in a study to derive relative changes in soil moisture in the near-

surface (0-5cm) over an agricultural area in southern Ireland, observed that the growth of 

vegetation (grass) could cause attenuation of the radar signal (i.e. depolarisation effect due to 

volumetric scattering contribution). Pratola et al. (2014) in a similar study, also carried out in 

southern Ireland, found that in winter, the distribution of soil moisture is rather homogenous over 

the SAR pixels, whereas a higher spatial variability was observed in summer. They also noted 

that the coefficient of variation of sandy soil increases as the soil dries. 

Tree-based models are alternatives to linear regression models due to their advantages of 

being relatively robust to overfitting and not requiring standardisation or normalisation of data, 

as they are insensitive to the ranges in the predictor values (Zhang & Shi, 2019). Decision trees 

are used in classification and regression problems whose predictor space is divided up by 

recursive partitioning. Random Forests (RF) (Breiman, 2001) is one example of tree-based 

models and it aims to merge less powerful learners to form a strong learner to minimize the 

residual sum of squares by tuning two main hyper parameters – the number of trees (ntree) and 

the number of features randomly sampled at each split (mtry). Successful examples of RF 

applications to estimate soil properties – without considering soil texture as compositional data – 

in remote sensing context are found in Mirzaeitalarposhti et al. (2022), Domenech et al. (2020), 
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Dotto et al.(2020), Cisty, Soldanova & Cyprich, (2019), Bousbih et al.(2019), and Ballabio et al. 

(2016). 

Compositional data analysis (CoDa) is mostly performed in terms of log-transformations and 

relies on log-ratios between the parts or components of one sample. The theoretical foundations 

are found in Aitchison (1982). Three log-transformation methods are typically employed in CoDa 

analysis, namely additive log-ratio transformation (ALR), centred log-ratio transformation 

(CLR), and isometric log-ratio transformation (ILR). For the purposes of the work outlined here, 

we focused on the CLR and ILR methods, as they are symmetric transformations meaning that 

distances are preserved. The difference between these two methods is that, in the former, the 

identity (covariance) matrix is singular whereas, in the ILR transformation, the covariance matrix 

is non-singular. Compositional data approach has increasingly been employed to estimate soil 

particle size fractions in both non-spatial modelling (Chappell et al. 2019; Loosvelt et al., 2013) 

and explicitly spatial models (Zhang & Shi, 2019; Wang & Shi, 2018; Wang & Shi, 2017; Odeh 

et al, 2003). 

Details about both CLR and ILR transformations as well as the simplicial linear regression 

model used in this study are found in Appendix A – Models.  

 

4.4 Data and Methods 

4.4.1 Study Region  

The study area, representing approximately 24,989 km2, encompasses a central swath of the 

Republic of Ireland (Figure 4.2). The land cover comprises croplands, grasslands, wetlands (peat 

bogs), and man-made structures, including urban areas. Agriculture, including pasture and arable 

land, is the primary land use-land cover category, based on the CORINE 2018 land cover 

inventory. (Appendix A-Figure A4.1). 

 
Figure 4.2 Map of the study area with the location of topsoil sampling sites available from different soil surveys and 

measurement programmes. Values in brackets indicate the number of samples for each soil dataset. 
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The study area is relatively heterogeneous concerning slope with variations in elevation 

across the region, ranging from 923 m on the uplands in the east of the domain to 1 m in the 

lowlands (i.e. flood plains in south-west) (Figure 4.3). Rainfall amounts are typically higher on 

the west coast reflecting the predominant maritime airflow off the North Atlantic Ocean 

interacting with orography along the west coast. Average annual rainfall in Ireland is 

approximately 1230 mm, but ranges from 750 mm to 1000 mm in the midlands/eastern areas, and 

between 1000 mm and 1400 mm along the west coast (Walsh, 2012). Spring and summer are the 

driest seasons with approximately 260 mm of rain (Walsh, 2012) while winter and autumn are the 

wettest, with approximately 350 mm of rainfall.   

 

 
Figure 4.3 Topographic, morphometric and soil moisture for the study domain. Surface soil moisture data was obtained 

in the same date as that of the Sentinel 1 image (03/04/2021). 

 

In terms of parent materials, they are broadly grouped into two main types, solid geology 

(and weathered materials) and drift geology (unconsolidated deposits or loose sediments) and 

account for the majority of parent materials across the Irish landscape (Creamer et al., 2018). In 

an association between lithology and Quaternary sediments (GSI, 2017), the study area is 

composed of till derived from limestones, shales (Lower Paleozoic), and sandstones (Devonian); 

raised and blanket peats; till derived from granites (in the south-eastern portion); and alluvium, 

ordered by priority of area occurrence. The predominant soil texture class in Ireland is Fine 

Loamy (Creamer et al., 2016). 

 

4.4.2 Data 
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4.4.2.1 Soil Information 

Soil textural information, used as the response variable to train and evaluate the models, 

consisted of 235 soil samples collected by a number of different institutions and programs across 

Ireland covering both shallow and deep soil layers. All the datasets encompasses soil particle-size 

fractions as one of the soil properties analysed but only the topmost layer (0-15 cm in depth) was 

considered in this study as it relates to topsoil. The source datasets are presented in Table 4.1 and 

details of each dataset are presented in in the Appendix A-Datasets.  

Soil sampling strategies included in legacy databases are typically derived based on a variety 

of methods, thus, it is important to highlight the procedures we adopted for using them in this 

study. In terms of the various depth intervals sampled in each survey, we considered the values 

for the 0-15 cm only. The rationale for this is due to the capability of a C-band SAR beam to reach 

the soil and capture information from it in the first 4 cm of the soil layer (Babaeian et al. 2019). 

This means that information beyond that depth of soil surface has no effect on the radar 

backscattering. The soil layer selected is within this ascribed depth. We did not employ a function-

of-depth method to account for the differences in sampling depth to harmonize each soil profile 

from the field-described horizon (e.g. the equal area quadratic spline approach). This was justified 

for a number of reasons. We did not aim to model and/or predict the soil particle size fraction 

(PSF) by depth. Moreover, accounting for the error introduced by the spline procedure could lead 

to more uncertainty in the statistical models. We are explicitly considering particle size fractions 

as compositional data, and the spline procedure is applied independently to each particle size, 

thus, unity of the composition (e.g. sum=100) is not guaranteed in the spline-estimated values of 

sand, silt, and clay for each horizon (Saurette, 2022). Our approach is consistent with Read et al. 

(2018), who dealt with the same issues in relation to the soil datasets they employed to predict 

sand (%) and clay (%) from airborne geophysical data. 

Regarding soil sampling, the methods differed between spade (e.g. LUCAS) and auger (e.g. 

LUCAS, SoilC-2008, SIS-Teagasc), whilst laboratory analysis methods differ from the pipette 

(SoilC2008, SIS-Teagasc) and laser diffraction (LUCAS). Despite slight differences in methods, 

they are consistent in considering topsoil only for the C-band SAR application in our study. 

Moreover, in a comparison of sampling with a spade and auger for topsoil monitoring for LUCAS, 

Fernández-Ugalde et al. (2020) found that the spade and gouge auger methods produced similar 

results for all soil properties, according to Lin's concordance correlation coefficient (LCCC 

≥0.73). They concluded that, in general, the relation and average magnitude of the differences for 

clay, silt, and sand contents between the two sampling methods were satisfactory. 

 

4.4.2.2 Radar Data 

We used microwave remote sensing data obtained from the European Space Agency (ESA) 

for Sentinel-1 SAR (C-band), with Interferometric Wide (IW) swath mode acquisition, as radar-

based predictors. The C-band SAR operates at a centre frequency of 5.405 GH, which corresponds 
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to a wavelength of ~5.55 cm. Sentinel-1 data are available in dual polarisation (VV+VH). Both 

the Single Look Complex (SLC) and Ground Range Detected (GRD) (10 m x 10 m) products 

were obtained with the backscattering coefficients converted to the same units (σ0). Sentinel-1 

data (VV, VH) was acquired for the 3rd April 2021 (Appendix A- Figure A4.2) as the rainfall for 

the preceding month of March was below the long term average, associated with a high pressure 

that dominated the weather during March (Met Eireann, 2021); a number of meteorological 

stations within the study domain recorded their driest March since 2012, during 2021 (Met 

Eireann, 2021). 

Radar-based data consist of (i) the backscatter coefficients (backscatter intensity) provided 

by the VV and VH polarisations measured in sigma nought (σ0) obtained for the in-situ soil 

sampling locations, georeferenced; (ii) alpha parameter resulting from the dual-pol decomposition 

(Cloude & Pottier, 1997), which is used to determine the dominant scattering mechanism (e.g. 

surface); (iii) the dual-pol radar vegetation index (RVI) (Nasirzadehdizaji et al., 2019; Gururaj et 

al., 2019) developed for Sentinel-1; and (iv) surface soil moisture (SSM) which refers to the 

relative water content of the top few centimetres of the soil, measured by Sentinel-1 (ESA-

Copernicus). The SSM product was also acquired on the same date (the 3rd April 2021). Likewise 

the alpha parameter, RVI takes into account the vegetation effect on soil backscattering.  

 

4.4.2.3 Topographical and Geophysical data 

A number of topographical and geophysical variables were also evaluated as covariates in 

the modelling approach. The topographical data consisted of altitude, slope, aspect and curvature 

of the slope (concave and convex surface). They were derived from the ESA EEA-10 (10 m spatial 

resolution) digital elevation model (DEM) using the surface Spatial Analyst tool in the ArcGIS® 

toolbox – 10.6 version (e.g. Aslam et al. (2021); Bogale (2021); Patton et al. (2018)). Details 

about the Spatial Analyst ArcGIS® applied in this work for deriving topographical data are 

presented in the Appendix A-Datasets. 

The geophysical data refer to electromagnetic, magnetic and radiometric variables derived 

from airborne geophysical surveying undertaken by the Geological Survey of Ireland (GSI) as 

part of the Tellus programme, a national programme to gather geochemical and geophysical data 

across the island of Ireland. The former measures how electrical currents flow through the ground 

and how it changes due to different types of rock or soil. The radiometric and magnetic data 

provide information about soil and rocks. Details about the geophysical datasets are presented in 

the Appendix A-Datasets. Table 4.1 summarises the datasets used in this study. 

 

Table 4.1 Summary of data used in the modelling approaches 

Type of data Original Dataset Source Covariate derived 

from the original 

dataset 

Topsoil Irish Soil Information System (SIS). 

Modal and Non-Modal profiles 

(Creamer et al., 2014), which 

https://data.gov.ie/dataset/irish-

soil-information-system-national-

soils-map 

- 

https://data.gov.ie/dataset/irish-soil-information-system-national-soils-map
https://data.gov.ie/dataset/irish-soil-information-system-national-soils-map
https://data.gov.ie/dataset/irish-soil-information-system-national-soils-map
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(response 

variables: sand, 

silt and clay) 

includes the legacy survey An Foras 

Talúntais-AFT. Sampling depth 

varied according to survey purposes, 

but surficial horizons includes 0-5 

cm and 5-10 cm. 

LUCAS Topsoil 2009 Survey-v1 

(Toth et al., 2013; Orgiazzi et al. 

2018). Sampling depth: 0-20 cm 

https://esdac.jrc.ec.europa.eu/cont

ent/lucas-2009-topsoil-data - 

LUCAS Topsoil 2015 Survey (Jones 

et al., 2020). Sampling depth: 0-20 

cm 

https://esdac.jrc.ec.europa.eu/cont

ent/lucas2015-topsoil-data - 

Soil Carbon Project 2008 (Kiely et 

al., 2009). Sampling depth: 0-10 cm, 

10-25 cm and 25-50 cm  

https://www.ucc.ie/en/hydromet/s

oilcarbon/ - 

WoSIS Soil Profile Database (June 

2022). Sampling depth: 0-5 cm, 5-15 

cm, 15-30 cm, 30-60 cm, 60-100 cm 

, 100-200 cm (SoilGrids) 

https://www.isric.org/explore/wos

is 
- 

SAR  

(covariate) 

Sentinel 1-C band (dual polarisation: 

VV, VH) 

 

European Space Agency 

https://scihub.copernicus.eu/dhus/

#/home 

 

- Backscatter 

coefficients 

(VV,VH ); 

- Alpha parameter 

obtained from a 

dual-pol 

decomposition 

(Cloude and Pottier 

(1997); 

- Dual-pol radar 

vegetation index – 

RVI. 

(Nasirzadehdizaji et 

al., 2019; Gururaj et 

al., 2019); 

Soil moisture 

(covariate) 

Surface soil moisture – SSM 

calculated from Sentinel 1 for the 

3rd April 2021 (Copernicus Global 

Land Service) 

European Space Agency 

https://land.copernicus.eu/global/

products/ssm 
- 

Topography 

(covariate) 

 

Digital Elevation Model-DEM 

EEA-10m (Copernicus European 

DEM) 

European Space Agency 

https://spacedata.copernicus.eu/co

llections/copernicus-digital-

elevation-model 

- Altitude  

- Slope  

- Aspect 

- Curvature of the 

slope: concave and 

convex surfaces. 

Geophysical: 

(covariate) 

- Electromagnetic 

- Magnetic 

- Radiometric (potassium uranium, 

and thorium) 

Tellus project (Geological Survey 

Ireland – GSI) 

https://www.gsi.ie/en-ie/data-and-

maps/Pages/Geophysics.aspx 

- 

 

 

 

 

4.4.3 Methods 

Two modelling approaches were evaluated in this study. The first focuses on the SAR radar-

based data with the inclusion of topography covariates. The second approach employs both radar 

and geophysical-based data; topographical data are also considered in this approach. Two 

different statistical models were employed – linear- and tree- based models (Table 4.2 and Figure 

4.4). Both approaches were evaluated with a leave-one-out cross validation (LOOCV), where the 

training set includes n – 1 observations and the evaluation set includes one observation. Here, we 

applied the ILR transformation to the response variables (sand, silt, and clay) for fitting the 

compositional LRM following the default partition built in the CoDaPack software (Comas-Cufí 

& Thió-Henestrosa, 2011). We applied the CLR transformation to the response variables to fit the 

https://esdac.jrc.ec.europa.eu/content/lucas-2009-topsoil-data
https://esdac.jrc.ec.europa.eu/content/lucas-2009-topsoil-data
https://esdac.jrc.ec.europa.eu/content/lucas2015-topsoil-data
https://esdac.jrc.ec.europa.eu/content/lucas2015-topsoil-data
https://www.ucc.ie/en/hydromet/soilcarbon/
https://www.ucc.ie/en/hydromet/soilcarbon/
https://scihub.copernicus.eu/dhus/#/home
https://scihub.copernicus.eu/dhus/#/home
https://spacedata.copernicus.eu/collections/copernicus-digital-elevation-model
https://spacedata.copernicus.eu/collections/copernicus-digital-elevation-model
https://spacedata.copernicus.eu/collections/copernicus-digital-elevation-model
https://www.gsi.ie/en-ie/data-and-maps/Pages/Geophysics.aspx
https://www.gsi.ie/en-ie/data-and-maps/Pages/Geophysics.aspx
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tree model-based regression (Random Forest model-RF). Details about both CLR and ILR 

transformations are presented in Appendix A – Models. 

 

 Table 4.2 Summary of methods and covariates employed in the two modelling approaches 

Modelling Approach 

(Data) 

Covariates Statistical Model  Log-ratio 

transformation 

Model 1: Non-geophysical  

(SAR + Topography) 

VV, VH, alpha, RVI, SSM, 

altitude, slope, aspect, curvature 

Y-compositional LRM ILR 

Y-compositional RF CLR 

Model 2: Geophysical 

(SAR + Topography + 

geophysics) 

VV, VH, RVI, SSM, altitude, 

slope, aspect, curvature, 

electromagnetic, magnetic, 

radiometric 

Y-compositional LRM ILR 

Y-compositional RF CLR 

 

 

 
Figure 4.4 Flowchart of the methodology depicting the data used in the models, the processing steps performed for both 

SLC and GRD products from SAR Sentinel 1, and the modelling approaches (with geophysical and non-geophysical 

covariates). 

 

We aimed to test both isometric log-ratio transformations (i.e. preserves distance in the 

transformation from the simplex space SD to the Euclidian space RD) in a linear model and in a 

tree-based model. A linear model is a least-squares problem (OLS) in the simplex space SD (the 

natural sample space of compositional data), thus it can be formulated in terms of orthonormal 

log-ratio coordinates, following Morais and Thomas-Agnan (2021). We applied the CLR 

transformation to the response variables to fit the tree-based model since this transformation 

method produces a singular covariance matrix of the target compositional parts and RF does not 

rely on covariance matrices or other statistical assumptions. It is worth noting that the model was 

fitted using a multivariate approach, wherein the response variables were treated simultaneously. 
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 After checking for the convergence of the tuning parameters for the RF model (Appendix 

A-Tables A4.1 and A4.2), we selected the default values available in the R package “Ranger” 

(Wright & Ziegler, 2017), which are ntree = 500 and mtry = 3, since different values for ntree and 

mtry did not significantly change the model´s performance. For the compositional LRM, we also 

relied on the default method in the CoDaPack software (Comas-Cufí & Thió-Henestrosa, 2011).  

A key objective was to understand the nature of the relationship between the predictors and 

the response variables in order to investigate the effectiveness of the SAR-based covariates to 

predict soil texture. To achieve this, we also evaluated 2nd order interaction terms in the 

compositional LRM. This approach should also assist in understanding interactions between 

influential processes. It is also worth noting that the soil texture class was inferred from the 

compositional predictions of sand, silt, and clay content rather than directly using a categorical 

modelling approach. The resultant soil textural classes will also be outlined in the Results section. 

 

4.4.3.1 Evaluation metrics for soil particle size predictions 

The accuracy and performance of the original (untransformed) and transformation 

approaches were evaluated using three statistical indicators; the Root Mean Square Error (RMSE) 

(Equation 4.1), Mean Absolute Error (MAE) (Equation 4.2) and Nash-Sutcliffe efficiency (NSE) 

(Nash and Sutcliffe, 1970) (Equation 4.3). The latter is a normalized statistical metric that 

determines the relative magnitude of the residual variance compared to the measured data 

variance (Nash and Sutcliffe, 1970). It indicates how well the plot of observed versus predicted 

(simulated) data fits the 1:1 line according to the following: NSE = 1 corresponds to a perfect 

match of the model to the observed data; NSE = 0 indicates that the model predictions are as 

accurate as the mean of the observed data; - Inf < NSE < 0 indicates that the observed mean is a 

better predictor than the model. 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
 ∑(𝑦𝑖 −  𝑦̂𝑖)

2

𝑛

𝑖=1

 

 

   Equation 4.1 

where 𝑦𝑖 is the actual value of the dependent variable, 𝑦̂𝑖 is the predicted value of the dependent 

variable, and n is the number of observations. 

𝑀𝐴𝐸 =  
1

𝑛
 ∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1

 
 

    Equation 4.2 

where 𝑦𝑖, 𝑦̂𝑖, and n represents the same descriptors that those of RMSE. 

𝑁𝑆𝐸 = 1 − [
∑   (𝑌𝑖

𝑜𝑏𝑠  −  𝑌𝑖
𝑠𝑖𝑚)

2𝑛
𝑖=1  

∑ (𝑌𝑖
𝑜𝑏𝑠  −  𝑌𝑜𝑏𝑠̅̅ ̅̅ ̅̅ )

2𝑛
𝑖=1 

 ]     Equation 4.3 

 

where 𝑌𝑖
𝑜𝑏𝑠 is the ith observation, 𝑌𝑖

𝑠𝑖𝑚 is the ith simulated (predicted) value, 𝑌𝑖
𝑜𝑏𝑠̅̅ ̅̅ ̅̅  is the mean 

of observed data, and 𝑛 is the total number of observations. 

4.5 Results        

4.5.1 Statistical descriptive analysis 
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Based on the initial descriptive analysis, the frequency distribution of the clay values 

displayed a highly skewed distribution in its original form (untransformed), with a skewness equal 

to -1.07. Following the CLR transformation, the symmetry improved (0.34) (see Appendix A-

Figures A4.3 and A4.4). Conversely, for sand (referred to as sand.clr following the CLR 

transformation), this transformation method did not improve the skewness. Based on the selected 

soil textural information, the sand fraction exhibited greater variability as well as the minimum 

and maximum percentages, whereas clay showed lower variability and the lowest maximum 

percentages (see Appendix A- Figure A4.4). Moreover, the soil fraction contained a number of 

outliers, according to the Atypicality Index for CoDa (a measure of irregular data), under a level 

of confidence (threshold of atypicality) of 0.975 (default) (Appendix A- Figure A4.5). However, 

this may be due to differences in proportions between the components (i.e. sand %, silt % , and 

clay %), and those soil samples were considered in the modelling. 

With regards to the predictor variables, the SAR VV polarisation provided the highest 

backscatter intensity values (0.35) whereas VH gave the lowest intensity values (0.07). Also, we 

did not find a significant correlation between the radar backscatter coefficients (𝜎  𝑉𝑉
0 , 𝜎  𝑉𝐻

0 ) and 

the soil particle-size fractions for either the non-transformed or transformed response variables 

(Appendix A- Figures A4.6-A4.8). This result is not conclusive and it is limited as just relying on 

radar data from a single acquisition. Incorporating a time series might provide results with more 

insight into potential relationship. However, the use of a single acquisition, with a drier 

meteorological condition, was an approach to reduce the effect of high amount of moisture or 

water saturation on soils, since wet clay or heavy clay reflects radar waves. This is due to clay’s 

high electrical conductivity, hindering radar signal penetration into soil layers and causing signal 

attenuation (i.e. wet clay absorbs radar waves). Hallikainen et al. (1985) and Das & Paul (2015) 

highlight the effect of soil textural configuration on soil dielectric properties, regarding water-

holding capacity. Gorrab et al. (2015) noticed a decrease in intensity of backscattered radar signals 

and with radar data acquired during rainfall months, particularly in the fraction of clay present in 

the soil.  

 

4.5.2 Soil particle size prediction 

4.5.2.1 Y-compositional LRM 

▪ Modelling approach 1 : SAR + Topography (morphometry) data 

The compositional model for approach 1 (Table 4.2 – Model 1), without interaction terms, 

yielded an overall R2 value of 70.74 %. Curvature was identified as the most statistically 

significant predictor (p-value = <2e-16). In general, the distribution of the samples estimated by 

the model was similar to that of the original data in the ternary diagram (Appendix A- Figure 

A4.9). The compositional coefficients of the LRM indicated an effect of VH backscattering (σ0
VH) 

on clay (referred to as inv.ilr. 3 after transformation) (Appendix A- Figure A4.10). Based on the 

NSE, the agreement between the observed and predicted samples in the test data were 0.94, 0.62, 
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and 0.46 for sand, silt and clay, respectively (Table 4.3 and Figures 4.5a-4.5c). Regarding the soil 

texture classes, the corresponding classes from the soil particle-size fractions predicted (test) are 

Sand (S), Loamy Sand (LS), SL (Sand Loam), Loam (L), Clay Loam (CL), Silty Clay Loam 

(SICL), Silty Clay (SIC) (Figure 4.5h).  

The inclusion of 2nd-order interaction terms resulted in a disimprovement in the model; 

resulting in a lower NSE and increase in the RMSE and MAE values (Table 4.3 and Figures 4.5d-

4.5f). The most statistically important variables and interactions were curvature, VH:slope, 

SSM:curvature, slope:curvature, SSM:Alpha, aspect:curvature, and, Altitude:Curvature. The 

derived soil texture classes are depicted in Figure 4.5i. Analysis of variance (ANOVA) for the 

models fitted with and without interaction indicated that the former is statistically significant (p-

value = 9.929e-09). 

These results are reflected in the soil texture diagram in terms of both number and typology 

of classes (Figures 4.5g, 4.5h and 4.5i). More clayey and loamy soil textural classes were obtained 

in the soil ternary when interaction terms were considered in the regression model, whereas the 

same is not observed in the model without the interaction terms. It is important to highlight that 

here, reference to clay is the textural class rather particle-size fraction.  
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Figure 4.5 Observed vs. Predicted plots from the Y-compositional linear regression model validated with LOOCV for 

Modelling approach 1 (SAR + Topography covariates), without 2-order interaction terms (Figures 4.5a, 4.5b, 4.5c) and 

with 2-order interaction terms (Figures 4.5d, 4.5e, 4.5f). The responses are measured in % content and the line in the 

plots refers to the 1:1 line. Corresponding soil texture classes are displayed in a soil ternary diagram. The soil ternary 

diagram in Figure 4.5g depicts the original soil texture classes (n=100% = 235) obtained directly from the measured 

data, while ternary diagrams in the 4.5h and 4.5i show classes resulting from predictions of soil particle size fractions 

without- and with 2nd order interaction terms, respectively.   

 

It is worth highlighting that the sum of the soil particle-size fractions predicted (100% or 1) 

was guaranteed with the ILR transformation applied to the original data (See Appendix A- Table 

A4.3). Conversely, when performing a simple linear regression model, as a univariate approach 

and with no transformation applied to the data, the soil particle-size fractions predicted are not 

constrained to sum to 100% (Appendix A- Figure A.411). Moreover, some negative estimates 

were obtained from both a random proportional split (e.g. 75% and 25%) and LOOCV (Appendix 

A- Figures A4.11 and A4.12). These findings are likely a product of employing standard statistical 

methods for the analysis of compositional data, which can lead to biased results (Filzmoser et al., 

2018). Odeh et al. (2003) also noted that modelling individual components of composition was 

not meaningful. 

 

▪ Modelling approach 2 : SAR + Topography (morphometry) + Geophysical datasets 

The statistical descriptives indicated different symmetry and variability of the geophysical 

dataset (Appendix A- Figure A4.13). In Model 2, which employed the geophysical covariates and 

the ILR transformed compositional responses with LOOCV LRM, the overall R2 obtained was 

18.33 %. In terms of predicted and observed responses, the NSE was close to zero for sand, silt 

and clay (Table 4.3 and Figures 4.6a-4.6c). The radiometric covariates (thorium and uranium) and 

altitude were the most statistically significant predictors. An effect was observed for VV on the 

sand response (Appendix A- Figure A4.14). The corresponding classes from the soil particle-size 

fractions predicted (test) are Loamy Sand (LS), SL (Sand Loam), Loam (L), Clay Loam (CL) and 

Silt Loam (SIL) (Figure 4.6h). Note that LS and SIL were obtained with only one sample.  

When 2nd order interaction terms were considered in the model, the agreement between the 

observed (actual) and the predicted data decreased (Figures 4.6d-4.6f) as indicated by the 

evaluation metrics (Table 4.3). Additionally, more than five soil texture classes were obtained 

(Figure 4.6i). Analysis of variance (ANOVA) for the models fitted with and without interactions 

indicated that the former is statistically significant (p-value= 0.04). 
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Figure 4.6 Observed vs. Predicted plots resulting from the Y-compositional linear regression model validated with 

LOOCV for Modelling approach 2 (SAR + Topography + Geophysical covariates) , without 2-order interaction terms 

(Figures 4.6a, 4.6b, 4.6c) and with 2-order interaction terms (Figures 4.6d, 4.6e, 4.6f). The responses are measured in 

% content and the black line in the plots refers to the 1:1 line. Corresponding soil texture classes are displayed in a soil 

ternary diagram. The soil ternary diagram in (4.6g) depicts the soil texture classes obtained directly from the measured 

data, while ternary diagrams in (4.6h) and (4.6i) show classes resulting from predictions of soil particle size fractions 

without- and with 2-order interaction terms, respectively. 

 

4.5.2.2 Random Forest – CLR transformation applied 

▪ Modelling approach 1 : SAR + Topography (morphometry) datasets 

For Model approach 1, employing RF and CLR transformed responses, the NSE values 

obtained for sand, silt and clay were 0.93, 0.59 and 0.44, respectively (Table 4.3 and Figures 4.7a-

4.7c). Similar to the LRM model, the most important variable was curvature (concavity and 

convexity), according to impurity method, which is a measure of the variance of the responses for 

regression in Random Forest (Ranger package) (Appendix A- Figure A4.15). Regarding soil 

texture classes, the corresponding classes from the soil particle-size fractions predicted are Sandy 

Loam (SL), Loam (L), Clay Loam (CL), and Silty Clay Loam (SICL) (Figure 4.7e).  
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Figure 4.7 Comparative plots of observed and predicted samples (Figures 4.7a, 4.7b, 4.7c) obtained from the Random 

Forest Modelling with CLR transformation applied to the response variables and validated with LOOCV(Approach 1: 

SAR + Topography covariates).The responses are measured in % content and the black line in the plots refers to the 

1:1 line. The ternary diagrams on the bottom show the soil texture classes. The original (measured data) classes are 

depicted in Figure 4.7d and the classes resulting from predictions of soil particle size fractions are exhibited in 4.7e. 

 

Consistent with the LRM approach, the sum of the soil particle-size fractions predicted 

(100% or 1) was guaranteed with the CLR transformation applied to the original data (See 

Appendix A- Table A4.4).  

 

▪ Modelling approach 2 : SAR + Topography (morphometry) + Geophysical datasets 

The inclusion of the geophysical covariates resulted in a model with a NSE of close to zero 

(Table 4.3) indicating that the model simulations have the same explanatory power as the mean 

of the observations (Figures 4.8a-4.8c). Loam was the main soil textural class (Figure 4.8e) (e.g. 

LS, SL, L, SIL, CL). This is likely explained by the higher proportion of sand and silt estimated 

by the model in the test data following the observed data in which the proportion of sand and silt 

are also higher than clay. The RF method showed a low magnitude of importance with altitude, 

uranium, electromagnetic, RVI and slope being the most important predictors (Appendix A- 

Figure A4.16).  
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Figure 4.8 Comparative plots of observed and predicted samples (Figures 4.8a, 4.8b, 4.8c) obtained from the Random 

Forest Modelling with CLR transformation applied to the response variables and validated with LOOCV (Approach 2: 

SAR + Topography + Geophysical covariates). The responses are measured in % content and the black line in the plots 

refers to the 1:1 line. The ternary diagrams on the bottom show the soil texture classes. The original (measured data) 

classes are depicted in Figure 4.8d, and the classes resulting from predictions of soil particle size fractions are exhibited 

in 4.8e. 

 
Table 4.3 Summary of the evaluation metrics resulted from the modelling approaches validated with LOOCV 

MODELLING APPROACH 

(validation method : LOOCV) SPSF* 

MODEL EVALUATION 

METRICS 

RMSE MAE NSE 

Model 1 : Y-compositional LRM (ilr transf.) without 2-order 

interaction terms 

Sand 4.12 3.37 0.94 

Silt 7.08 5.44 0.62 

Clay 7.00 5.02 0.46 

     

Model 1 : Y-compositional LRM (ilr transf.) with 2-order 

interaction terms 

Sand 4.88 3.35 0.91 

Silt 9.08 6.45 0.37 

Clay 8.93 6.16 0.13 

     

Model 1 : Y-compositional RF  (clr transformation)  Sand 4.28 2.91 0.93 

Silt 5.55 5.52 0.59 

Clay 7.13 5.27 0.44 

     

Model 2 : Y-compositional LRM (ilr transf.) without 2-order 

interaction terms 

Sand 15.21 12.04 0.11 

Silt 11.48 9.16 - 0.03 

Clay 9.37 7.00 0.08 

     

Model 2 : Y-compositional LRM (ilr transf.) with 2-order 

interaction terms 

Sand 23.05 17.86 -1.05 

Silt 16.33 12.83 -1.09 

Clay 14.84 10.61 -1.30 

     

Model 2 : Y-compositional RF  (clr transformation) Sand 15.26 11.71 0.10 
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Silt 11.26 8.62 0.01 

Clay 9.33 7.03 0.09 

     

Non-CoDa approach (without log-ratio transformation) 

Simple LR (univariate responses) 

 

Sand 7.10 5.35 0.81 

Silt 7.92 6.10 0.52 

Clay 7.36 5.33 0.41 

Model 1: non-geophysical data; Model 2: with geophysical data; * SPSF: soil particle size fraction 

 
4.6 Discussion 

4.6.1 General aspects of soil particle size estimation with Sentinel-1 C-band data 

We obtained different goodness of fit metrics depending on the soil fraction. This denotes 

the complexity of soil texture for statistical modelling due to the size magnitude of the soil 

fractions and the mineral constitution, as well as the reliance of the signal intensity from the SAR 

beam on how clayey or sandy the soil is. Typically, cross polarisation (VH) measurements are 

significantly lower than the co-polarisation (VV) (Ulaby et al., 1978; Ulaby et al., 1979; Sano et 

al., 2020), and this was observed over our study area wherein the VV intensity values (in σ0 units) 

ranged from 0.01 to 0.31, whereas for VH polarisation the coefficient backscatter varied between 

0.02 and 0.07. It is worth noting that the Sentinel-1 dataset was acquired during a dry period 

(03/04/2021). This is important in terms of the amount of free water (e.g. in sand fractions) that 

can interact with the incident microwave, affecting the SAR backscatter (Das & Paul, 2015), since 

soil texture in the microwave spectrum is a function of the relation between free water and bound 

water (Jackson & Schmugge, 1989; Dobson et al., 1981). The best prediction was obtained for 

the sand fraction, compared to clay, reported by the evaluation metrics. 

We did not find a significant correlation between the radar backscatter coefficients and the 

soil particle-size fractions. Notwithstanding the log-transformations slightly improved the 

correlation coefficients, but the values remained low. Han et al. (2017) also found a weak 

correlation in a study investigating the association between radar backscatter (UAVSAR) and in 

situ soil property measurements on an approximately 3 km long section of earthen levees along 

the lower Mississippi river (riverside and landside). On the landside, the correlation coefficients 

found with HV polarisation were -0.16, 0.16 for clay and sand, respectively; and 0.16, -0.25 with 

VV polarisation. Such results would seem to confirm the fact that translating the microwave signal 

into a soil characteristic is not straightforward. While UAVSAR is an aerial Earth Observation 

(EO) platform, Sentinel 1 is an orbital-based EO platform (about 700 km altitude) and thus more 

distant from the targets. This means a loss of energy equal to the power of 4 (Wolff, 2007) 

according to the radar range equation (Figure 4.1).  

 

4.6.2 Y-compositional LRM – ILR transformation 

The Y-compositional LRM applied to the Model Approach 1 (SAR + Topography 

covariates) yielded significant predictions for sand (NSE = 0.94), silt (NSE = 0.62) and clay 

(NSE = 0.46) with lowest RMSE and MAE. It is worth noting that the model was fitted using a 
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multivariate approach, wherein the response variables were treated simultaneously. Whilst 

interaction terms decreased the goodness-of-fit metrics (e.g. NSE values equal to 0.91, 0.37, 0.13, 

for sand, silt, and clay, respectively) and increased both the RMSE and MAE, the soil texture 

classes obtained from the particle-size fractions estimations appeared to be more consistent with 

the texture classes derived from in situ data.  

Notwithstanding the low values of the metrics obtained from Model approach 2 (SAR + 

Topography + Geophysical covariates) without interaction applied to the model, it raises some 

points regarding the relationship between the response variable and the predictors, as well as 

amongst the predictors. Results suggest that the geophysical-based variables reduced the 

prediction importance of both the radar-based and topography-based covariates by returning poor 

models. This was also observed with a more generalised- and elastic modelling in which any 

variable with a coefficient of zero was dropped from the model – See Appendix A: Models. 

Similar to Model approach 1 (LRM without geophysical data), interaction terms decreased the 

goodness-of-fit metrics and yielded more clayey classes. Furthermore, the inclusion of interaction 

terms resulted in soil textural classes that were more consistent with the textural classes derived 

from the observed data. This finding is likely due to the effect of soil texture on radiometric 

signals. Read et al (2018) found that gamma radiometric thorium (Th) and potassium (K) both 

had strong relationships with clay (%) and sand (%). Cattle et al. (2003) found that topsoils with 

strong clay content were distinguishable from sandy soils using radiometric Th and K. However, 

our findings require further exploration of geophysical data and soil PSF, since such covariates 

contributed to obtaining more consistent classes (soil texture) rather than estimates (soil PSF %) 

in the regression models with interactions.  

 

4.6.3 Random Forest – CLR transformation applied 

The Random Forest algorithm with the CLR transformation applied to the response variables 

also yielded good results in predicting soil particle-size fractions predictions with SAR-derived 

and topography-based covariates (Model approach 1). In general, the evaluation of the observed 

and predicted data is similar to that of the compositional LRM with ILR transformation (olr-

coordinates) and without 2nd order interaction terms. When interactions between covariates was 

specified in the linear model, the RF model outperformed the compositional LRM, exhibiting 

lower RMSE and MAE and higher NSE. 

Model approach 2 (SAR+Topography+Geophysical data) fitted with the Random Forest 

method and CLR transformation applied to the compositional responses resulted in poor 

predictions, based on the evaluation metrics. Despite the poor predictions, the mostly Loam class 

resulting from the soil fractions estimation appears to follow the pattern observed in the study 

area since fine loamy is the predominant soil texture class found in Ireland. Notwithstanding the 

low performance of the models and low importance magnitude of the geophysical covariates, the 

effect of the geophysical-based variables on the other covariates is clearly noticed in the Appendix 
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A- Figures A4.15 and A4.16, wherein the measure of variable importance was enhanced (e.g. 

altitude, slope, RVI, SSM) while others are weakened (e.g. curvature).  

 

4.6.4 General aspects of the modelling approaches 

In terms of soil dynamics, the results suggest that the models captured processes rather than 

genesis, with topography parameters, especially curvature, being the most important predictor. 

This variable may have reflected variations in topography in radar signals since the concavity, 

convexity, and flatness of the terrain represent the ability of a radar beam to bounce back to the 

sensor. Curvature may also have captured surface roughness conditions. In the context of the 

soilscape, concave surfaces are areas of accumulation and deposition of materials (e.g., water, 

silt, sand, clay), while convex surfaces tend to disperse materials downslope. To a certain extent, 

such an observation is consistent with the topsoil position on the landscape. As a first soil layer, 

it is more prone to undergo surface interactions than subsurface interactions. In relation to the 

topography covariates being identified as important predictors and machine learning models (e.g. 

RF) not performing well in some situations, these general findings are consistent with 

Mirzaeitalarposhti, et al (2022) and Schönbrodt-Stitt et al (2021) who also applied Sentinel-1 data 

and topography covariates to estimate soil particle-size fractions and soil moisture. 

Notwithstanding their low importance, the VV and VH covariates (𝜎  𝑉𝑉
0 , 𝜎  𝑉𝐻

0 ) were found 

to be related to sand, silt, and clay in the compositional LRM. Whilst we observed an effect of 

VH on the clay fraction in Model approach 1 – an increase in VV resulted in a decrease in the 

clay estimate; an increase in VH led to an increase in the clay estimate. We also found an effect 

of VV on sand, in Model approach 2 – an increase in VV led to an increase on sand. 

Regarding this case where the compositional linear model slightly outperformed the tree-

based model, this could be due to the small sample size used to fit the model. These results are 

not related to the parameter tuning of the RF model, since we tested different values for ntree and 

mtry and the model’s performance did not change significantly (Appendix A-Tables A4.1 and 

A4.2). Moreover, the evaluation strategy did not play significant role in this case, since data 

splitting and leave-one-out cross-validation produced similar results. On the other hand, when the 

linear model were fitted with interaction terms, the RF approach outperformed the LRM. This is 

likely due to the fact that tree-based models consider variables sequentially, that is, they consider 

interactions without specifying them. Additionally, RF models do not rely on formal model 

assumptions such as linearity, normality, (multi)collinearity and homoscedasticity. 

Results obtained with both the linear-based and tree-based models, indicated that geophysical 

data are not good predictors for estimating PSF in topsoil. This was also observed with a more 

generalised- and elastic modelling under different penalty coefficients – See Appendix A: Models. 

However, the use of geophysical covariates resulted in better estimates of the soil textural classes. 

Electromagnetic, magnetic and radiometric signals may be more related to deeper soil layers, due 

to their relationship with the underlying rock. Moreover, topsoil may be influenced by topography 
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conditions such as slope and curvature in terms of surficial materials deposits (geomorphological 

process). Our study region, as an extensive landscape, is relatively heterogeneous concerning 

these geomorphological variables. Interpretation of radiometric data where parent materials of 

transported sediments have different origins is also more challenging, which suggests a natural 

limit on soil textural interpretation of soil radiometric data (Read et al. 2018; Wilford et al., 1997). 

Our findings highlight the need for further investigation of radiometric data and soil properties in 

our study region.  

 

4.6.5 Strengths and limitations of the work 

Our findings denoted how and to what extent interaction terms between variables work 

(explicitly specified) in a linear model and (underlying) in a tree-based model to estimate soil PSF 

in a large and physically heterogeneous area. Furthermore, they provide a potential basis and 

methodological approach to obtain either estimates of soil PSF (as continuous results) or soil 

textural classes (as categorical) based on two different statistical modelling and three different 

types of data. 

Our work also demonstrated the potential relevance of the statistical modelling approaches 

for soil particle-size fractions mapping and soil textural mapping. Moreover, since our work is 

grounded in CoDa analysis, it provided some important information to Digital Soil Mapping as 

such techniques may not guarantee that the sum of the predicted clay, silt, and sand contents 

would be equal to 100% (Azizi et al, 2023; Taghizadeh-Mehrjardi et al, 2020).  

Another highlight regarding the potential relevance of this work to soil properties mapping 

builds upon the fact that the models indicate soil particle-size estimation as more processes-based 

rather than genesis-based, as topography-based variables – especially curvature – were the most 

important covariate and geophysical-based data did not improve the models for topsoil. 

We addressed different aspects of the prediction models in terms of the Sentinel-1 data 

products (e.g. SLC and GRD), the structure of the data (e.g. SAR-derived data, topography-based, 

geophysical-based), modelling approaches (e.g. linear-based and tree-based), and interactivity 

amongst covariates (e.g. models with- and without interactions). Such aspects brought robustness 

to the study.  

Nevertheless, our work is not without limitations, which can be summarised as follows. 

Firstly, the lack of the dielectric constant of the soil, which could be useful to determining the 

relationship between soil particle-size fractions and backscattering coefficients, as well as to 

investigate whether only radar-based variables (𝜎  𝑉𝑉
0  and 𝜎  𝑉𝐻

0 ) could be used as predictors. The 

intensity of the backscattering coefficient σ0 (a normalised measure of the radar return) is a 

function of the physical and electrical properties of the target, along with the wavelength (), 

polarisation and incidence angle () of the radar (Barret et al., 2009). We expected that the 

geophysical electromagnetic data could fill this lack with electrical resistivity information, 

however, according to the results, the geophysical datasets did not improve the model.  



 

92 

 

Secondly, it could be challenging to select radar images that match the soil vegetated-

covering conditions for all legacy topsoil datasets to address only bare soil samples in the 

modelling approaches. On the other hand, controlling different land cover conditions in this case 

could be more of a challenge-based issue than a limitation issue (Appendix A- Tables A4.5 and 

A4.6). There is a paucity of national soil information requiring the use of multiple different data 

sources. While not ideal, due to the difference in methods, we adopted a pragmatic approach to 

using the available data for application on a small geographical scale (large areas). 

 

4.7 Conclusion 

In this work, we tested two different statistical modelling approaches – linear models and 

tree-based models – to predict percentages of sand, silt and clay from Irish topsoil using 

microwave remote sensing data topographical and geophysical covariates, on different vegetation 

cover conditions, taking into account the compositional nature of soil texture. 

Based on the results from the prediction models, it can be concluded that it was worthwhile 

treating soil PSF as compositional data in the models. We also found that radar-based variables 

were not able to predict soil particle size without the aid of covariates, since the models evaluated 

here did not identify their importance as covariates and no linear or direct relationships were 

found between the backscattering coefficients (𝜎  𝑉𝑉
0  , 𝜎  𝑉𝐻

0 ) and the soil particle size fractions.  

Based on the analysis outlined here, we highlight the following strategies to predict soil PSF 

from Sentinel 1-SAR: 

▪ The linear model (compositional Y-LRM), without 2nd order interaction terms, was found 

to be the optimum approach; where it is necessary to consider interactions between 

variables, the RF approach should be employed. 

▪ To obtain the soil textural classes from the estimates of PSF (sand %, silt %, clay %) – 

instead of predicting the classes using a classification method – the compositional Y-

LRM with interaction terms applied to the covariates is useful as the classes were more 

consistent with the ternary diagram of the measured data than those obtained without 

interaction. This finding may be useful for subsequent use in models, which require soil 

textural class and not soil textural properties 

▪ LOOCV is a better validation method over randomly splitting data for dealing with small 

sampling size (e.g. n=235).  

▪ Employing geophysical data with SAR data did not improve the model estimates of soil 

particle fractions; the inclusion of geophysical covariates resulted in poor model 

estimates. However, the use of geophysical data was found to result in soil textural classes 

that better matched the textural classes derived from the measured data. 

As part of the continued assessment of microwave remote sensing data (Sentinel-1) for 

predicting topsoil particle size fractions, we intend to test surface scattering information derived 

from the dual-polarimetric decomposition technique to deal with the vegetation cover and 
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integrate that predictor into the models. The goal is to separate different types of scattering 

mechanisms (i.e. ground or surface and volume or vegetation contributions) using the H-α dual-

pol decomposition. This method yields surface scattering that will be used for predicting sand, 

silt and clay contents (%) since target decomposition theorems and Pol-SAR can be used to 

compensate for the presence of vegetation cover (Barret et al., 2009). This procedure will also 

follow Jagdhuber (2012:4). 
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CHAPTER 5 | USING SURFACE SCATTERING MECHANISM FROM DUAL-

POL SAR DATA TO PREDICT TOPSOIL PARTICLE SIZE FRACTIONS 

 

This chapter is published as: 

Deodoro, S.C., Moral, R. de A.; Fealy, R.M.; McCarthy, T., & Fealy, R. (2024). Using the surface 

scattering mechanism from dual-pol SAR data to estimate topsoil particle size fractions. International 

Journal of Applied Earth Observation and Geoinformation, 128, e10374, 

https://doi.org/10.1016/j.jag.2024.103742  

 

 

5.1 Context 

This Chapter is the second part of the methodology of this study following up on the results 

of the first methodology section. It draws upon a continued assessment of Sentinel-1 data for 

predicting topsoil particle size by employing a SAR polarimetric technique to deal with the effects 

of vegetation cover on topsoil backscattering and integrating the results as a predictor into the 

models. It sought to answer two key research questions: (i) To what extent can polarimetric 

decomposition predict soil particle size fractions? and, (ii) Can surface scattering alleviate 

vegetation cover issues for soil particle size estimation? 

The rationale for using dual-pol decomposition for estimating soil PSF is based on the 

principle of separating individual scattering contributions between soil and vegetation under 

vegetated fields to extracting the soil properties (Jagdhuber, 2012). This aim relies on polarimetry 

to exploit the phase difference of wavelength from a returned radar beam (i.e. echo or 

backscattering), and on the aim of target decomposition to extracting information about the 

scattering properties of targets. This is achieved by partitioning the total power or intensity into 

relative contributions of different idealised scatterers (e.g. surface, volume, and double bounce), 

whose information is given by the resulting alpha, isotropy, and anisotropy parameters. The 

assumption behind this method is that there is always a dominant scattering mechanism – amongst 

surface, volume, and double bounce – in each pixel, which is typically provided by the alpha 

parameter. If there is no vegetation on an area or field, there is simply surface scattering which 

can be considerably lower in the cross-polarized channels compared to the co-polarized channel. 

The choice of decomposition algorithm employed in this study (the H-alpha dual-pol) – is 

twofold. As per a dual-pol SAR, it is grounded on the 2 x 2 covariance matrix of complex numbers 

carried on the SLC Sentinel 1 products, representing the energy of VV and VH polarisation. Thus, 

it is a straightforward method. Second, the algorithm is available in the open-code software 

Sentinel 1- Toolbox SNAP. 

Albeit motivated to deal with the challenge of vegetated soil, this part of the herein study 

does not intend to be exhaustive in examining the efficiency of the method to accurately 

distinguish targets, rather it seeks to explore and expand this method for soil PSF prediction going 

beyond the traditional employment of polarimetric decomposition technique for land use land 

cover classification, segmentation of landscapes, and vegetation studies. Thus, the exploratory 

https://doi.org/10.1016/j.jag.2024.103742
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assessment of the methods carried out in this Chapter is a starting point for the development of 

other case studies to ameliorate predictions of soil particle size fractions and soil texture over low-

and short vegetated areas. 

Notwithstanding being published in a peer-reviewed journal for the remote sensing research 

community, the outreach of this study is also beneficial to the soil science audience. 

 

5.1.1 Abstract 

Data extracted from Synthetic Aperture Radar (SAR) have been widely employed to estimate 

soil properties.  However, these studies are typically constrained to bare soil conditions, as soil 

information retrieval in vegetated areas remains challenging. Polarimetric decomposition has 

emerged as a potentially useful method to separate the scattering contributions of different targets 

(e.g. canopy/leaves and the underlying soil), which is of significance for areas that are near-

permanently covered in low-lying vegetation (e.g. grass) like Ireland – the study area for this 

investigation. Here, we test the surface scattering mechanism, derived from H-alpha dual-pol 

decomposition, together with other covariates, to estimate percentages of sand, silt, and clay, over 

vegetated terrain, using Sentinel 1 data (dual-pol C-band SAR). The statistical modelling 

approaches evaluated – linear regression (LRM) and tree-based regression models (machine 

learning) – explicitly consider the compositional nature of soil texture. When compared to the 

models fitted without surface scattering data, results showed that the inclusion of the surface 

scattering data improved estimates of silt and clay, with the compositional linear regression 

model, and estimates of sand and silt fractions with different tree-based models. While not without 

limitations, our study demonstrated that the polarimetric decomposition method, which is 

typically used for classification and segmentation purposes, could also be used for soil property 

estimation, broadening the application of this technique in microwave remote sensing studies. 

 

5.2 Introduction 

Researching and developing novel methods for mapping soil properties contributes to 

advances in soil science. Geotechnologies, including remote sensing techniques, play an 

important role in this task, for example, by exploiting methods and ancillary variables for 

compositional data interpolation to improve model performance (Wang & Shi, 2017; Wang & 

Shi, 2018; Mondejar & Tongco, 2019). In turn, the importance of using remote sensing data and 

techniques to analyse and estimate soil properties relies on their use over large areas, where 

achieving similar coverage taking field measurements are costly and time-consuming, and may 

be limited by access to sites. Furthermore, optical- and microwave remote sensing have 

significantly contributed to the advancement of soil science across a range of different 

applications, such as the estimation of soil particle size-fractions (Gholizadeha et al., 2018; 

Bousbih et al., 2019; Domenech et al., 2020; Marzahn & Meyer 2020; Azizi et al., 2023), soil 

moisture (Jackson & Schmugge, 1989; Barret et al., 2007; Barret et al., 2009; Pratola et al., 2014; 
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Petropoulos et al. 2015), soil carbon content (Gholizadeha et al., 2018; Žížala et al., 2019; 

Katebikord et al., 2022), soil organic matter (van Wesemae et al. 2023; Yang et al., 2023), soil 

salinity (Metternicht,& Zinck, 2003; Khajehzadeh et al., 2022) and soil mineralogical 

composition (Coblinski et al., 2021).   

In the microwave remote sensing realm, synthetic aperture radar (SAR), such as Sentinel 1, 

can retrieve biophysical measures of vegetation and soil by the echoes from the Earth’s surface 

through a radar antenna, measured as backscattering. In soils, the sensitivity of SAR relies on the 

interaction between the transmitted electromagnetic wave and the soil moisture and soil roughness 

(Jagdhuber, 2012). In the microwave region of the electromagnetic spectrum, natural materials 

have a dielectric constant ranging from 3-8 when dry, whereas water has a value of approximately 

80 (ESA, 2007:25) (Appendix B – Table B5.1). As water has a dielectric constant 10 times that 

of dry soil, the presence of water in the top few centimetres of unvegetated soil (bare soil) can 

thereby be detected in radar imagery (ESA, 2007:25). In wet soil, the dielectric constant value is 

~ 20 (Barret et al., 2007).  

Studies on the importance of soil properties, including soil texture and soil PSF, on the 

dielectric constant date back to the 1980s, conducted by Schmugge (1980), Wang and Schmugge 

(1980), Dobson et al (1985), and Jackson (1987) who developed dielectric mixture models for 

soil. The dielectric constant is related with the bound water in soil surfaces which in turn is 

dependant on the total surface area of the soil available to the water molecules. Jackson (1987) 

demonstrated that a sand with a specific soil surface of 1 m2/g would have a much smaller bound 

water fraction than a clay with a value of 300 m2/g, at a microwave frequency of 1.4 GHz 

(Appendix B – Figure B5.1).  

The radar backscatter signal has a different relationship with the soil dielectric (moisture, and 

physical properties) and surface roughness. For example, Baghdadi et al. (2016) indicated that 

VV and VH intensities are more sensitive to surface roughness (i.e. k-root mean square height) 

than change in moisture, being more significant for higher incidence angles (45°) (Appendix B –  

Figure B5.2). Sentinel-1 with Interferometric Wide (IW) swath mode acquisition, which is the 

product employed in this study, has an incidence angle ranging from 29.1° to 46.0° (ESA, n.d.). 

Soil texture is important for remote sensing (either optical or microwave), particularly 

considering soil mineralogy, since clayey minerals (hematite, goethite, kaolinite, chlorite, and 

illite to name a few) affect soil reflectance (Coblinski et al., 2021), dielectric properties 

(permittivity) (Hallikainen et al., 1985; Das & Paul, 2015; Babaeian et al., 2019) and electrical 

conductivity (Fletcher, 2022). Clayey minerals influence the water dynamics in soil (Coblinski et 

al., 2021) and both chemical and physical soil properties. 

Regarding wave polarisations (e.g. VV, VH), polarimetry is an important concept in SAR 

applications, which relies on oscillations of the transmitted/received signals. The interaction of 

the transmitted pulse with the surface scatterers modifies the polarisation of the transmitted signal. 

Such modification depends on the geometry (size, shape, orientation) and the physical properties 
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(dielectric content, density) of the scatterers (Jagdhuber, 2012). In the context of soils, such 

differential propagation of microwaves causes interferometric effects that lead scattering elements 

on soil to produce phase and coherence variations (De Zan et al., 2014).  Polarimetry thereby is a 

potentially useful technique for retrieving soil properties as it provides information about the 

physical description of scattering processes (Jagdhuber, 2012). Such a technique builds upon 

interferometry as it uses the phase and amplitude information of the wave. In the soil context, the 

differential propagation of electromagnetic waves into the soil causes interferometric effects, 

meaning that small scattering elements in the soil or moisture gradients can produce phase and 

coherence variations (De Zan et al., 2014). Due to the unique characteristic of SAR polarimetry, 

polarimetric decomposition is a common technique to separate scattering processes for use in 

segmentation and classification studies (Cloude and Pottier, 1996; Freeman and Durden, 1998; Ji 

and Wu, 2015; Abdel-Hamid et al., 2018; Husman et al., 2021).  

To date, the investigation of soil parameters with SAR has largely been constrained to bare 

soil areas and for retrieving soil moisture or soil roughness (Bousbih et al. 2019; Marzahn & 

Meyer, 2020; Bhogapurapu et al., 2022). Notwithstanding the importance of soil texture and PSF 

as a proxy for other soil properties estimates and various applications (e.g. agriculture, erosion, 

civil engineering, etc), the use of SAR to estimate these remain underexploited.  

Separating individual scattering contributions between soil and vegetation under vegetated 

fields is a pivotal task to extracting the soil properties (Jagdhuber, 2012). This is of significance 

for areas that are near permanently covered in low-lying vegetation (e.g. grass) like Ireland. In 

areas covered with some vegetation, the SAR backscatter comprises of scattering from soil, 

vegetation, and the interaction of these two elements (Dou et al., 2022). However, removing the 

contribution of vegetation to capture only the topsoil surface scattering is challenging (Wang et 

al., 2017; Marzahn & Meyer, 2020; Bhogapurapu et al., 2022). In this context, polarimetric 

decomposition emerges as a potential method, as it separates the scattering contributions of 

different targets (e.g. canopy and underlying soil) (Barret et al., 2009; Jagdhuber, 2012; Jagdhuber 

et al., 2013; Ji & Wu, 2015; Wang et al., 2017; Mascolo et al., 2021). In optical remote sensing, 

such technique is similar to the spectral mixing analysis or spectral unmixing methods used to 

decompose a reflectance or corrected radiance source spectrum into a set or a given endmember 

spectra or spectral signature, since not all pixel of a natural scene is pure, but a mixture (Somers 

et al., 2011; Manolakis et al., 2016; Halbgewachs et al., 2022). 

Polarimetric decomposition or target decomposition is the process of extracting information 

about the scattering process and describing scattering properties by partitioning the total power 

or intensity into relative contributions of different idealised scatterers. The H-alpha Pol 

Decomposition (H-α decomposition), otherwise known as Cloude-Pottier Decomposition, was 

developed by Cloude and Pottier (1997) to separate the scattering contributions of targets in radar 

images. Similar to other polarimetric decomposition methods, it converts the random scattering 

mechanism into several independent elements that can be related to the physical properties of the 
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target (Salma et al., 2022; Cloude & Pottier, 1997), whose information is given by the resulting 

alpha, entropy, and anisotropy parameters. The assumption behind this method is that there is 

always a dominant scattering mechanism in each pixel or cell, which is typically provided by the 

alpha parameter. As a target decomposition, the resulting scattering mechanisms can be surface, 

volume or double-bounce types. 

Surface scattering refers to the scattering that occurs on the surface between two different but 

homogeneous media (e.g. soil surface or topsoil, sea surface) and the direction of scattering 

depends on the degree of surface roughness. When electromagnetic radiation transmits from one 

medium to another, volume scattering occurs. Trees or branches, subsurface or deeper soil layers, 

snow layers, etc. are examples of volume scattering. The surface and the volume components 

come from the ground surface and the vegetation, respectively (Magagi et al., 2022). In general, 

single scatterers will have lower alpha values being produced by a rough surface (i.e. seawater, 

snow surface, ploughed bare soil) which will increase as biomass increases. On a bare, smooth 

field, alpha will indicate a dominance of single bounce scattering and entropy will remain low. 

With increasing vegetation cover (e.g. dense vegetation, forests), the polarisation of the scattered 

wave becomes less predictable and entropy will increase.  

While H-alpha Decomposition was originally developed for quad-polarised SAR, the method 

has been adapted for dual-polarised radar, such as Sentinel 1. Despite inherent limitations due to 

the reduced number of polarisations (i.e. two channels), dual-polarisation has produced 

reasonable results in different applications as outlined in the next section. Here, we test the 

potential importance of surface scattering, derived from a dual-polarimetric decomposition 

method (H-alpha decomposition), to estimate the content (%) of sand, silt, and clay from in situ 

topsoil samples from bare-soil and low vegetated cover employing a linear regression and a tree-

based model with additional covariates. An intrinsic characteristic of soil particle size-fractions 

(PSF) – i.e. sand, silt, and clay – is their compositional nature (i.e. the sum of the fractions-

components is equal to 100). This requires appropriate multivariate analysis that can handle 

compositional data in order to avoid the potential for spurious correlation or unrealistic results 

(Aitchison, 1982; Aitchison, 2005; Niang et al., 2014; Pawlowsky-Glahn & Egozcue, 2015; 

Filzmoser et al. 2018; Todorov, 2021). Moreover, the sum of the components in a predicted soil 

sample (e.g. 100%) is not guaranteed with standard statistical methods that are designed for 

unconstrained multivariate data in a Euclidian space (Weiss et al. 2017; Amirian-Chakan et al., 

2019). We explicitly consider the compositional nature of soil texture in the modelling approach. 

We sought to address two key research questions: (i) to what extent polarimetric 

decomposition with scattering partitioning can be employed to predict soil particle-size fractions, 

that is, to assess how well the Sentinel 1 pseudo-polarimetric product contributes to the estimates 

of soil PSF in comparison with the original dual-polarization product SLC-1; and, (ii) to evaluate 

if the surface scattering mechanism can ameliorate vegetation cover issues for soil particle size 

prediction on soils under low- and sparse vegetated cover. 
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It is worth noting that, due to the limited polarisation channels, this work does not intend to 

be exhaustive in examining the efficiency of the method to accurately distinguish targets, rather 

it seeks to explore and expand this method for soil PSF prediction according to the research 

questions. Thus, limitations and future works are highlighted based on our findings. 

This paper is organised into the following sections. Section 5.3 briefly presents the theoretical 

background and some related works. Section 5.4 outlines the methodological procedure and 

datasets employed, including a description of the study area. Sections 5.5 and 5.6 present the 

results and discussion, respectively. Finally, Section 5.7 draws some conclusions from the work. 

 

5.3 Theoretical background and related works  

5.3.1 Radiometric calibration of SAR image 

Prior to employing SAR data, the radar data must be calibrated, since this procedure provides 

a measure of radar reflectivity of a surface (i.e. the radar backscatter). Radiometric calibration 

corrects a SAR image so that the pixel values represent backscattering from the Earth surface, 

being a crucial procedure for a quantitative use of SAR data. 

The radiometric corrections are purpose-specific. For interferometric and polarimetric 

analyses – the latter includes polarimetric decomposition – the output data need to be in complex 

number format (i.e. real and imaginary bands) to obtain coherence and covariance matrices. For 

other applications, radiometric calibration converts backscatter intensity as received by the sensor 

to the normalized radar cross section (sigma nought or σ0).  

Backscattering coefficients are reliant on the local incidence angle and local topography and 

related to characteristics of the targets, such as physical (geometric and electromagnetic), soil 

moisture, surface roughness, and dielectric constant (Imperatore & Di Martino, 2023). Abrupt 

land use land cover changes (e.g. from grass or bare soil to trees) may also affect backscattering 

coefficients when the backscatter and incidence angle behaviour varies over the image (Freeman, 

n.d.). The radiometric corrections are thereby also area-specific.  

There are three different calibrations required for Sentinel-1 data, depending on the plane 

reference area used to normalise the backscatter (Figure 5.1). Sigma nought (σ0) refers to the 

backscatter returned to the antenna from a unit area on the ground, being related to ground range 

(i.e. normalised to ground area) and based on ellipsoid (or incidence angle) corrected SAR 

backscatter. It is useful for flatter terrain and is commonly used to analyse surface scattering and 

surface properties (Barret et al, 2007; Zhang et al., 2017; Periasamny, 2018; Nasirzadehdizaji et 

al. 2019; Mandal et al., 2020; Qu & Chen, 2020; Salma et al., 2022). Beta nought (0) is 

normalised to a slant range plane area and refers to the radar brightness coefficient, which is the 

ratio between the power transmitted and received by the antenna. Gamma nought (0) or RTC 

Gamma nought (Small, 2011) is normalised to an area perpendicular to the line of sight and 

accounts for terrain variations, advantageous over undulated terrain, mountainous and hilly areas. 
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An recent attempt to improve Sentinel-1 Radiometrically Terrain Corrected (RTC) to reduce 

processing and storage through orbital stability is outlined in Navacchi et al. (2023). 

Thus, for a spaceborne SAR, the σ0 and the 0 backscattering coefficients relies on a flattened 

earth model and a curved earth model, for the receive and transmit polarizations of the radar 

(Freeman, n.d.) 

 
Figure 5.1 Normalization areas for SAR backscatter (Small, 2011). 0 refers to reflectivity in an area in slant range and 

measures brightness in SAR images; σ0 is illumination corrected and measures the power returned to antenna from 

ground; 0 is plane perpendicular to the local look direction and is radiometrically corrected being suitable for volume 

scatterers.  

 

5.3.2 The H-alpha Dual Pol Decomposition 

Polarimetric decomposition is the process of partitioning the total intensity into contributions 

of different scatterers to extract information about the scattering properties of targets. The H-alpha 

Pol Decomposition (H-α decomposition), otherwise known as Cloude-Pottier Decomposition, 

was developed by Cloude and Pottier (1997). Similar to other polarimetric decomposition 

methods, it converts the random scattering mechanism into several independent elements that can 

be related to the physical properties of the target (Cloude & Pottier, 1997; Salma et al., 2022). 

One advantage of this method is the lack of physical constraints imposed by assumptions of a 

particular statistical distribution (Cloude and Pottier, 1997). The assumption behind this method 

is that there is always a dominant scattering mechanism in each pixel or cell. Based on this, Cloude 

and Pottier (1997) employed a three-symbol Bernoulli model to obtain estimates of the average 

parameters for the dominant target using POLSAR data (AIRSAR) from NASA’s Jet Propulsion 

Laboratory (JPL). 

Typically, there are five different target polarimetric statistical-based descriptors: Sinclair 

Matrix [S], Kennaugh Matrix [K], Target Vectors (k, Ω), Coherence Matrix [T], and Covariance 

Matrix [C]. The H-alpha Decomposition pertains to the coherence matrix group (Lee and  Pottier, 

2009), whose coherence matrix allows analysing single scattering mechanisms (i.e. surface 

scattering) within a pixel as well as their contribution to the total signal. The H-alpha Pol 

Decomposition method relies on the eigen decomposition of the coherency matrix [T3] into types 

of scattering processes (the eigenvectors) and their relative magnitudes (the eigenvalues) (Lee 

and Pottier, 2009). It is an eigenvectors-eigenvalues-based analysis (Equations 5.1 - 5.4) used to 

examine the intensity (coherency matrix) of the scattering matrix.  
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The method produces three secondary parameters – Entropy (H) (Equation 5.1), Anisotropy 

(A) (Equation 5.2) and Alpha angle (𝛼) (Equation 5.3), which contain information on the 

scattering, from the eigen decomposition of the coherency matrix (Lee and Pottier, 2009).  

 

                                     𝐻 = ∑ −  𝑃𝑖 𝑙𝑜𝑔3 
3
𝑖=1  (𝑃𝑖 ) ,    𝑃𝑖 =   𝜆𝑖 / ∑ 𝜆𝑘         Equation 5.1 

 

𝐴 =  (𝜆2  −   𝜆3) /  (𝜆2 +   𝜆3)          Equation 5.2 

 

𝛼 = − ∑ 𝑃𝑖 𝛼𝑖

3

𝑖=1 

 

       Equation 5.3 

 

 

where λ1, λ2, and λ3 are the eigenvalues of the coherency matrix (λ1 > λ2 > λ3 > 0). From this, the 

corresponding eigenvectors [ u1, u2 ,  u3  ]
*T are expressed as follows: 

 

ui = [ cos 𝛼𝑖   ,   sin 𝛼𝑖 cos i e i   ,   sin 𝛼𝑖 sin i e i  ]T 
 

 Equation 5.4 

where αi denotes the scattering mechanisms of a target; βi is the orientation angles; δ, and γ 

represents the phases. 

Since the method was adapted from a quad-pol SAR equation, the parameters and indices in 

equations 5.1 - 5.4 that refer to four polarisations are reduced to 2 to be suitable for use with two 

polarisations in a coherence matrix method, since both the scattering matrix and scattering vector 

of VV-VH or HH-HV SAR, for example, has two elements. 

Entropy indicates how random the scattering mechanisms are and lies between 0-1 where H 

= 0 exhibits a pure target (single scattering element) and polarised surface (Harfenmeister et al., 

2021). If entropy is greater than zero, thereby, there is an indication of the presence of two 

different mechanisms, meaning that the scattering mechanisms are not surface, but a mixture of 

two different mechanisms. Anisotropy provides information on the relative effect of the second 

and third mechanisms and ranges between 0-1, being therefore complementary to entropy 

(Harfenmeister et al., 2021), especially when H > 0.7 in full-pol SAR, since H < 0.7 the anisotropy 

is noisy and has limited importance (dos Santos et al., 2009). The Alpha parameter is used to 

determine the dominant scattering mechanism and varies between 0° and 90°, particularly in full 

polarisation SAR. It is the main parameter (Cloude & Pottier, 1997) as it provides information 

related to the surface, volume (e.g. trees) and double-bounce scattering (e.g. urban areas).  

Complementary to the polarimetric decomposition, there is the H-alpha plane plot that builds 

upon the H-α variation for a coherency matrix and consists of nine zones representing different 

scattering behaviour (Cloude & Pottier, 1997) (Appendix B – Figure B5.3). These zones result 

from the interplay between Alpha and Entropy. An example of this polarimetric decomposition 

method applied to an agricultural field is depicted in Appendix B – Figure 5.4a. It is worth noting 

that the H-alpha plane for dual-pol differ from full-pol in terms of the boundary lines and zone 

thresholds (Appendix B – Figure 5.4b) as demonstrated by Ji and Wu (2015). A summary of the 
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physical scattering characteristics of each of the nine zones in the H-α classification plane is found 

in Appendix B – Table B5.2. 

Regarding applications of the method, Jagdhuber et al. (2013) underline the success of 

polarimetric decomposition to separate the vegetation contribution and estimate soil moisture on 

isolated bare ground components, enabling the interpretation and decomposition of different 

scattering contributions. The method has also been employed for bio-parameter extraction such 

as biomass (Suman, 2022), rice monitoring (Koppe et al., 2013) and soil moisture (Magagi et al., 

2022). Qu et al. (2022) demonstrated the use of polarimetric decomposition from quad-pol SAR 

data for land cover classification.  

In the context of dual-pol SAR, some limitations of the method have been reported in the 

literature. For example, the closer alpha is to 0°, the greater the chance of surface scattering. 

However, some studies demonstrated that it is not possible to distinguish pure surface scattering 

(i.e. alpha angle=0) from dihedral or double-bounce scattering (alpha = 90) with S1 data due to 

reduced polarisation or lack of the remaining quad-pol (e.g. Engelbrecht et al., 2017; Mascolo et 

al. 2021; Salma et al. 2022); that is, alpha values for the ground may not be as low as 0.0. 

According to the dual-pol covariance matrices of the surface and dihedral targets, (i.e., C_surface 

= [1, 0; 0, 0] = C_double-bounce,) it is not possible to distinguish them. As a result, the scattering 

mechanisms can not be separated. Cross-polar channel (VH or HV), which is sensitive to 

vegetation, becomes a poor estimate of volume scattering (Mascolo et al., 2021), particularly 

under vertical dipole situations, hindering the separation of soil and vegetation. While the alpha 

values vary from 0° to 90° in quad-polarization, Salma et al. (2022) obtained a maximum alpha 

value of approximately 45°, in a study area situated in India, with Sentinel-1dual-pol. In our study 

area located in Ireland (Figure 5.2), alpha values mostly ranged from 0.051 to approximately 39, 

for the whole area – Appendix B – Figure B5.5. 

Despite inherent limitations due to the reduced number of polarisations, dual-polarisation has 

been employed  in a number of different applications. For example, Ji and Wu (2015) analysed 

the abilities of dual-polarisations (HH-VV, HH-HV, and HV-VV) from different SAR sensors to 

discriminate scattering mechanisms, namely surface, volume and double bounce scattering. 

Despite the lack of cross-polarization, they demonstrated that dual-pol HH-VV could effectively 

derive the scattering mechanisms; however, the HH-HV and HV-VV could only partially extract 

low, medium, and high entropy scattering mechanisms due to the lack of co-polarization. Their 

work builds upon theoretical and experimental results comparing performance with that of fully 

polarimetric SAR.  

Mascolo et al. (2022) applied dual-pol decomposition to Sentinel-1 data over different land 

cover types, including agricultural, forest, urban, and glacial land-ice. They showed that some 

elements of physical modelling can be used to better exploit information from Sentinel 1 and that 

the dual-pol decompositions can be used to extract important underlying physical information, 

provided that the correct interpretation of parameters is used.  Notwithstanding the benefits of this 
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method, they also considered the limitations associated with the use of dual polarisation SAR (e.g. 

the selective availability of different combinations of VH-VV and HH-HV and their impact on 

the interpretation of the decomposition outputs and identification of phenomena in an image). 

These authors also demonstrated the importance of the VH and VV backscattered signal for 

separating the land-cover types and for the estimation of important crop variables, based on 

biomass and phenology.  

Salma et al. (2022) analysed target properties for a range of crop types, including ginger, 

tobacco, rice, cabbage, and pumpkin crops, using H-A-α dual-polarization decomposition with a 

temporal series of Sentinel 1 images (spanning 19th January and 27th September 2020). They 

found variation from the quad-polarisation decomposition, where the alpha values fell between 

0° and 90°, whereas the alpha values of dual-polarisation data were found to vary between 7.92° 

and 45.23°. They also observed that the corresponding pixels on the ground exhibited surface 

scattering over the H-α plane. Finally, they found that the crop growth scattering mechanism on 

the H-α plane produced similar results to the temporal analysis. 

The high frequency overpass of Sentinel 1 together with the sensitivity of polarimetric 

parameters (entropy, anisotropy, and alpha) to biophysical properties have increased the use and 

application of S1 for monitoring biophysical parameters over agricultural fields, as demonstrated 

by Dave et al. (2023) and Harfenmeister et al. (2021), and for crop classification (e.g. Husman et 

al., 2021; Woźniak et al., 2022). An attempt to improve interference between different scattering 

components in distributed scatterer employing Sentinel 1 is found in Zhang et al. (2022). 

 

5.4 Data and methods 

5.4.1 Study Region 

The study area encompasses a central swath of the Republic of Ireland (Figure 5.2). 

Agriculture is the dominant land use land cover in Ireland, accounting for 67% of the land area, 

from which pasture is the main agricultural class (55%) (CORINE, 2018). Grass pasture is 

typically grazed by cattle on a rotation basis and/or harvested 2-3 times per year to provide a 

source of overwinter feed. Both management practices maintain a minimum grass height of 4 cm.  

Topographically, the study area consist of uplands occurring in the middle-east of the domain 

with geoforms oriented at W-N, N-E and S-W, whereas the lowlands are mostly present in the 

mid-west with W-N, E-S and N-E faced geoforms (Figure 5.3). In terms of slope, mountainous 

areas are found in the northern and western areas, while flatter areas/lower relief are observed in 

the northern and southeast part of the domain. It is worth noting that the soil samples selected in 

the modelling stage of this work are mostly located in flatter terrain and lowland areas in the 

north, south and southeast areas of the study region. 

The geomorphological setting affects the rainfall amounts which are typically higher on the 

west coast. This is due to the predominant maritime airflow off the North Atlantic Ocean that 

interacts with orography along that coast (Fealy et al., 2011). While Ireland experiences year 
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round rainfall, the drier seasons are spring and summer while winter and autumn are the wettest, 

with approximately 260 mm and 350 mm of rain, respectively (Walsh, 2012). The predominant 

soil texture class in Ireland is Fine Loamy (Creamer et al., 2016). 

 

 
Figure 5.2 The land use-land cover categories from an RGB composite applied to the Sentinel 1 imagery over the study 

area. Topsoil sampled sites in the study area (points) overlaid on RGB composite using VV and VH polarisations from 

Sentinel 1-C band. The RGB resulting image highlights some of the land use/land cover categories, such as man-made 

structures and urban areas (yellow) within which Dublin city is highlighted on the top-right of the figure, water bodies 

(blue), and bogs/peatlands/bare soil (brown), dense and higher vegetation are displayed in light cyan, and grassland, 

crops and low vegetation cover are shown in medium and dark shades of cyan. 

 

 
Figure 5.3 Toposoil samples superimposed over topographical (morphometric) covariates images of the study area. The 

soil samples (n=27) were employed in the models. Elevation data refers to the DEM-EEA-10 (10 m spatial resolution) 

from which the other covariates were derivate.   
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5.4.2 Data 

5.4.2.1 Soil information 

A dataset comprising 235 soil samples from across Ireland and collected by various 

institutions – Irish Soil Information System, LUCAS Topsoil 2009-2015, Soil Carbon (Kiely et 

al., 2009), and WoSIS Soil Profile Database in both shallow and deep soil layers, was used to 

train and validate the models. Only the topmost layer or topsoil (0-15 cm in depth) was selected 

for use in this study in order to be consistent with the pulsed signals of Sentinel 1. This rationale 

was based on the relatively lower capability of C-band radar to penetrate into the soil – estimated 

to be approximately the first 4 cm of the soil layer (Babaeian et al. 2019) (Appendix B – Table 

B5.3) – compared to lower frequency-based sensors, such as L-band SAR. Our approach is 

consistent with Read et al. (2018), who dealt with different legacy databases to predict sand (%) 

and clay (%) in upper soil profiles from airborne geophysical data. In their work, they constrained 

soil samples collected from soil profiles up to 30 cm depth for training the model and restricted 

them to 0-5 cm (topsoil) in external model validation, since gamma rays emanate from topsoil 

layer (Read et al., 2018). 

 

5.4.2.2 Microwave remote sensing data 

Sentinel-1 SAR (C-band, dual polarisation VV+VH, at a centre frequency of 5.405 GHz) was 

employed in this work as the radar-based data. It was obtained with Interferometric Wide (IW) 

swath mode acquisition, from the European Space Agency (ESA). Since polarimetric 

decomposition requires the phase information of the wave, the Single Look Complex (SLC) 

product was selected. The acquisition date was the 3rd April 2021. This date was selected due to 

the antecedent conditions (29/03/2021-03/04/2021) – which had no associated rainfall, based on 

information from the Irish national meteorological service, Met Éireann. Moreover, the rainfall 

recorded for the preceding month of March, was below the long-term average and a number of 

meteorological stations within the study domain recorded their driest March since 2012 (Met 

Eireann, 2021). 

The pre-processing procedures applied to the Sentinel 1 imagery – included co-registration 

(S1-TOPS split as subset; orbit file applying), radiometric calibration to the complex number (i.e. 

a measure of radar reflectivity of a surface), S1-TOPS Deburst, S1-TOPS Merge, polarimetric 

speckle filtering using a Boxcar method with a 7 × 7 window size, and range-doppler terrain 

correction – were carried out using the Sentinel-1 Toolbox (SNAP-ESA). The complex output 

was selected for polarimetric processing. For calculation of the radar vegetation index, the 

backscattering coefficients were converted to sigma nought using the linear scale units. The 

Copernicus Digital Elevation Model for Europe (ESA EEA-10) at 10 m spatial resolution was 

used for terrain correction. All datasets were geo-coded to the Irish Transverse Mercator 

projection.  
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The radar-based data consisted of (i) VV and VH backscatter coefficients; (ii) the dual-pol 

radar vegetation index, (Equation 5.5) (Nasirzadehdizaji et al., 2019; Gururaj et al., 2019), and 

(iii) topsoil surface soil moisture (SSM) measured with Sentinel-1 as part of the Copernicus 

programme. All data was acquired for the same date. Typically, radar vegetation indexes are 

useful for measuring random scattering in radar signals and values close to 0 indicate smooth, 

bare surfaces (Nasirzadehdizaji et al., 2019). The index employed here is an adaptation of the 

quad-pol RVI to dual-pol SAR and  refers to the contribution of volume scattering given by cross-

polarized response (Nasirzadehdizaji et al., 2019). It was employed to filter noise from the data 

and to reduce the vegetation effect.   

RVI =
4σ VH

0

σ VV 
0 + σ VH

0  
 Equation 5.5 

 

Sentinel 2 imagery (S2), a product of optical remote sensing, was also obtained for the same 

date in order to compare the surface scattering from the polarimetric decomposition with soil 

through an RGB composite (R4G3B2 and R11G3B2).  

In order to estimate the effect of soil organic matter (SOM) on the backscatter, we  performed 

a correlation test with SOC and the SAR backscatter. Results are presented in the Appendix B – 

Figure B5.6 and Appendix B – Table B5.4. From the soil legacy datasets, we used SOC data from 

the WoSIS Database, since it contains more measurements of this soil property   

 

5.4.2.3 Topographical data 

Topographical data, derived from the digital elevation model ESA EEA-10, was used to 

represent the soil-landscape relationship and an earth-surface characteristic related to soil-surface 

roughness (micro- and macro-relief of a soil surface), which is a result of variations in soil grains, 

soil aggregates, soil clods and tillage. In this study, topographic covariates consisted of altitude, 

slope, aspect and curvature (concave and convex surface), whose values where extracted from the 

corresponding pixels to the soil samples used in the modelling stage for predicting soil PSF. In 

the study area, values of altitude and slope for these points, ranged from 42–364 m and 0.16–11 

degrees, respectively. For these sampling sites, slopes exhibit low-medium inclinations due to 

convex curvature and flatten summit, which justify the use of the σ0 backscatter coefficient.   

 

5.4.3 Methods  

5.4.3.1 Dual Polarimetric decomposition 

The covariance 2x2 matrix (C2) was generated from the Sentinel 1. The SLC product 

(Equation 5.6) was converted from the complex output to its covariance matrix representations 

(Equation 5.8), to perform the polarimetric decomposition. The matrix C2 (Equation 5.8) consists 

of two real parts (C11, C22), which contains the variances, and two complex parts (C12, C21) 

that contains the covariance (Salma et al. 2022).  
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The H-alpha Dual Pol Decomposition was further performed using the Sentinel-1 Toolbox 

available on the Sentinel application Platform (SNAP) in order to obtain the alpha, entropy and 

anisotropy values. Alpha, the main parameter (i.e. dominant scattering), was selected as a 

covariate in the statistical modelling as the other two parameters are highly correlated to alpha, 

especially entropy, with a Pearson’s correlation coefficient (r) of 0.95. Thus, they were not 

considered in order to avoid multi-collinearity. 

 

S = [
𝑆𝑉𝑉 𝑆𝑉𝐻

0 0
]  Equation 5.6 

  

k = [𝑆𝑉𝑉    2𝑆𝑉𝐻]T  Equation 5.7 

  

C2 = [
𝐶11 𝐶12

𝐶21 𝐶22
] 

 Equation 5.8 

 

where S is the 2×2 complex scattering matrix or backscattering matrix (𝑆𝑉𝐻 and 𝑆𝑉𝑉 are 

backscattering coefficients) (Qu & Chen, 2020); k is the corresponding scattering vector 

representation wherein T refers to the transpose of matrix; and C is the dual covariance matrix for 

S1-SLC (Qu & Chen, 2020). 

In the (dual) polarisation matrix, the complex numbers C12 and C21 are conjugate, while 

C11 and C22 represent the energy of VV polarisation and VH polarisation, respectively. Thus, 

these complex numbers are displayed in an S1-SLC (Single Look Complex) file as a matrix. 

Once the H-alpha Dual-Pol Decomposition was obtained, we carried out a visual inspection 

by overlaying, the alpha image and the Sentinel 2 image with the aid of RGB composite to identify 

features such as peat/bogs, water bodies, dense vegetation (forests), bare soil, ploughed soil, and 

soil with some degree of vegetation cover. Since we sought a distinction between soil and 

vegetation, only these features are indicated in the analysis. 

After the visual inspection, the in situ soil sample locations were overlain on the resulting 

maps from the H-alpha Dual Pol Decomposition (alpha, entropy and anisotropy images). Those 

locations with low alpha or surface scattering were selected (blue patches in the alpha image) to 

extract the pixel values, following Harfenmeister et al. (2021), Mascolo et al. (2021) and Salma 

et al. (2022). Typically, in agricultural areas, alpha=0° indicates a single scattering event (surface) 

from smooth soil or a large leaf; alpha=45° indicates more than two scattering events from within 

a crop canopy (volume).  

In our study area, the threshold for alpha and entropy were < 18° (low) and <0.6 (medium), 

respectively (Mascolo et al., 2021). The closer alpha is to 0°, the more the surface scattering 

occurrence. However, there is limitation issues in distinguishing pure surface scattering from 

dihedral or double-bounce scattering with S1, resulting in alpha values > 0.0 for bare ground. In 

light of such limitations, the aforementioned threshold was set based on Mascolo et al. (2021) 

considering a range values of  0° < αVHVV < 22.5°  and horizontal dipole (Mascolo et al, 2021). 



 

108 

 

From this, the surface scattering contribution is expected due to either the spacing between plants 

or direct scattering from the large leaves (Mascolo et al., 2021). Surface scattering can come from 

vegetation, which was confirmed further from the analysis of the H-alpha plots in our study. Thus, 

to account for the gaps between plants in some agricultural fields, the threshold were increased 

from zero to include backscattering from low- and sparse- vegetation. Due to the agricultural field 

setting, it is difficult to have pure targets (low entropy) values that clearly distinguish them from 

their surroundings. Thus, they are more distributed targets and fall into the medium range for 

entropy. To consider the vegetation effect, that is, to reduce the effect of it on the soil 

backscattering, we employed the dual-pol RVI, which relies on sigma naught backscattering in 

its formula, in the model.  

With this procedure, 27 points were ultimately selected, consisting of bare soil and low or 

sparse vegetation. Spectral signatures from Sentinel 2 images (obtained from 03/04/2021) were 

extracted for selected field locations in the study area to compare the behaviour of some features 

(e.g. soil, vegetation) with the decomposed targets by the H-alpha dual-pol decomposition. This 

is based on the fact that when there are small contributions from soil backscattering, the vegetation 

signature is highest in volume scattering. (Guerriero et al., 2013; Salma et al., 2022). 

 

5.4.3.2 Statistical modelling 

Tree-based models are alternatives to linear regression models due to their advantages of 

being relatively robust to overfitting and not requiring standardisation or normalisation of data; 

they are insensitive to the ranges in the predictor values (Zhang & Shi, 2019). Decision trees are 

used in classification and regression problems whose predictor space is divided up by recursive 

partitioning. A widely used extension to decision trees is the random forests (RF) algorithm 

(Breiman, 2001). Some examples of RF applications to estimate soil properties – without 

considering soil texture as compositional data – in a remote sensing context are found in 

Mirzaeitalarposhti et al. (2022), Domenech et al. (2020), Dotto et al. (2020), Cisty et al. (2019), 

Bousbih et al. (2019) and Ballabio et al. (2016). 

Compositional data (CoDa) analysis is mostly performed in terms of log-transformations and 

relies on log-ratios between the parts or components of one sample. Some of the benefits of 

applying the log-ratio (linear) transformations are the possibility of using standard unconstrained 

multivariate analysis on the transformed data. Moreover, the sum of the components equal to 100 

(or 1) is guaranteed when the predicted values are back-transformed to the original units (Comas-

Cufí & Thió-Henestrosa, 2011). The theoretical foundations are found in Aitchison (1982). As 

highlighted by Morais and Thomas-Agnan (2021), in simplicial regression (i.e. compositional 

linear model; Y-LRM)  one can use transformations to transport the simplex space SD into the 

Euclidean space ƦD-1 to eliminate the simplex constraints problem. 

Considering the compositional nature of soil texture (a composition of particle-size 

fractions), log-ratio transformation methods rooted in symmetry – centred log-ratio 
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transformation (CLR), and isometric log-ratio transformation (ILR) – were employed in this study 

because they preserve distances. The ILR transformation was applied to the response variables or 

Y (sand, silt, and clay) for fitting the compositional Linear Regression Model (Y-LRM) following 

the default partition method in the CoDaPack software (Comas-Cufí & Thió-Henestrosa, 2011). 

Due to the sampling size, the model was validated by using the leave-one-out cross validation 

(LOOCV) method.  

The CLR transformation was applied to the response variables to train a tree-based model for 

different extensions of tree-based algorithms, including, the traditional Random Forests-RF 

(Breiman, 2001), Local Linear Forests-LLF (Friedberg et al., 2021), Bayesian Additive 

Regression Trees-BART (Chipman et al., 2010), and SoftBART-SBART (Linero & Yang, 2018). 

CLR transformation was applied to the response variables prior to model training, since the 

machine learning modelling does not rely on distributional assumptions. Moreover, the singular 

covariance matrix resulting from the CLR-transformed data set is not an issue for the Random 

Forest model. We used the default method built into the CoDaPack software (Comas-Cufí & Thió-

Henestrosa, 2011). For comparison with the CoDa approach, a non-CoDa-based regression was 

carried out for these different tree-based algorithms.  

The compositional data approach has increasingly been employed to estimate soil PSF in 

both non-spatial (Loosvelt et al., 2013; Chappell et al. 2019; Deodoro et al., 2023) and explicitly 

spatial models (Zong & Shi 2017; Zong & Shi, 2018;  Zhang & Shi, 2019; Wang & Shi, 2018; 

Wang & Shi, 2017; Odeh et al, 2003). Here, we employed CoDa in order to satisfy the constraint 

where the sum of the parts is 100. We employed two different statistical modelling approaches to 

see the results behaviour with a assumption-based model (LRM) and non-assumption or black-

box model (tree-based model). 

It is worth noting that, in addition to soil PSF estimates, the corresponding soil texture classes 

were also obtained. However, they were inferred from the compositional predictions of sand, silt, 

and clay content rather than directly using a categorical modelling approach. The resultant soil 

textural classes will also be outlined in the Results section. 

 

5.4.3.3 Evaluation metrics for soil particle size predictions 

The performance of the modelling approaches were evaluated using three statistical 

indicators, as follows: Root Mean Square Error (RMSE) (Equation 5.9), MAE (Mean Absolute 

Error) (Equation 5.10) and Nash-Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970) (Equation 

5.11). The latter is a normalised metric that indicates the magnitude of the statistical variances 

between the residuals and the measured data (Nash and Sutcliffe, 1970). It measures the 

agreement between observed versus predicted (simulated) data in relation to the 1:1 line according 

to the following: NSE = 1 indicates a great fit of the model to the observed data; NSE = 0 indicates 

that the accuracy of predictions is given by the mean of the observed data; - Inf < NSE < 0 shows 

that the observed mean is predicting better than the model. 
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𝑅𝑀𝑆𝐸 =  √
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𝑛
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    Equation 5.9 

where 𝑦𝑖 is the observed value of the response variable, 𝑦̂𝑖 is the estimated value, and n is the 

number of observations. 

𝑀𝐴𝐸= 
1

𝑛
 ∑ |𝑦𝑖 −  𝑦̂𝑖|𝑛

𝑖=1    Equation 5.10 

 

where 𝑦𝑖, 𝑦̂𝑖, and n represents the same descriptors that those of RMSE. 
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 ]   Equation 5.11 

 

where 𝑌𝑖
𝑜𝑏𝑠 is the ith observation, 𝑌𝑖𝑠𝑖𝑚 is the ith simulated (predicted) value, 𝑌𝑖

𝑜𝑏𝑠̅̅ ̅̅ ̅̅  is the mean 

of observed data, and 𝑛 is the total number of observations. 

 

5.5 Results  

The calculated Alpha values (Figure 5.4) indicate that the study area is mostly represented 

by volume scattering mechanisms (yellow patches) indicating occurrence of vegetation, 

consistent with the land cover conditions (Figure 5.5). For the entire study area, Alpha values 

varied from 0.13 to 73.3 (Figure 5.4). For the selected soil samples (n=27), corresponding to the 

surface scattering patches, the obtained alpha values ranged from 5.43 to 18.63, with a mean equal 

to 13.26 (Table 5.1). Similarly, the entropy values, indicating surface scattering, produced values 

ranging between 0.19 and 0.66, with a mean equal to 0.53. Alpha and Entropy followed a 

negative, left-tailed distribution, whereas Anisotropy exhibited a distinct positive, right-tailed 

distribution. 

 

Table 5.1 Descriptive statistics for the dual-pol decomposition parameters retrieved for the soil samples (N=27) 

 Parameter Min. Max. Mean Standard Dev. 

Alpha Surface Scattering  5.43 18.63 13.26 3.16 

Entropy Surface 

Scattering  0.19 0.66 0.53 0.11 

Anisotropy Surface 

Scattering 0.66 0.94 0.75 0.07 
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Figure 5.4 Alpha and entropy maps of the entire scene (figures a, b) as retrieved from Sentinel 1 data using the dual H-

alpha pol-decomposition. The corresponding H-Alpha plot for the entire scene (figure c). Square dots represent the soil 

samples selected (n=27). Blue: surface scattering; yellow: volume scattering; red: random and bragg scattering. 

 

The corresponding H-Alpha plot for the study area (Figure 5.4a) shows the contribution of 

soils and vegetation on radar backscattering. From Tables 5.1 and 5.2, the sample locations (n=27) 

were consistent with the low entropy surface scattering (Alpha <= 40 and H <= 0.6). From the H-

Alpha plot, the selected points (n=27) typically lay within Z3 and Z6 (Figure 5.4c), defined as 

brag and random surface scattering regions, respectively. Points located in Z3 and those located 

in Z6 in transition to Z3 indicate sparse or very low vegetation cover and soil.   

 

Table 5.2 The typical scattering mechanisms in an H-α feature space 

Zone Colour Scattering mechanism Boundaries 

3  Low entropy surface scattering Alpha <= 40 and H <= 0.6 

2  Low entropy dipole scattering 40 < Alpha <= 46 and H <= 0.6 

1  Low entropy multiple scattering Alpha > 46 and H <= 0.6 

6  Medium entropy surface scattering Alpha <= 34 and 0.6 < H <= 0.95 

5  Medium entropy vegetation scattering 34 < Alpha < 46 and 0.6 < H <= 

0.95 

4  Medium entropy multiple scattering Alpha >= 46 and 0.6 < H <= 0.95 

8  High entropy vegetation scattering 34 < Alpha < 46 and H > 0.95 

7  High entropy multiple scattering Alpha > 46 and H > 0.95 

9  High entropy surface scattering (non-feasible) Alpha <= 34 and H > 0.95 
Source (Heras, 2015). Adapted by the authors - the zone numbers were adapted to match the H-α plane plot for SAR 

Sentinel 1. 
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The alpha values from a subset of the entire study area were visually compared to the Sentinel 

2 (optical imagery) RGB composite (R4G3B2) (Figure 5.5). Broadly, blue in the alpha parameter 

refers to surface scattering; yellow is commonly related to volume scattering; and red colour 

indicates a double-bounce scattering. This is also consistent with the spectral signatures obtained 

from Sentinel 2 (Figure 5.5, bottom) of the soil sampling sites depicted in the S2-RGB composite. 

The spectral curves shows the signature of soil (red) and vegetation (green) for sampling sites 

under bare soil and vegetated soil, respectively. 

 

 
Figure 5.5 A subset of Alpha of the entire scene and a comparison to the RGB composite (R4G3B2) Sentinel 2 (optical 

imagery) showing a correspondence between the two images (a, b). The square box in the entire scene highlights the 

location of the subset. Blue colour in figure “a” (surface scattering) depicts bare soil and arable lands (with very low- 



 

113 

 

or more-sparse vegetation), while yellow colours (volume scattering) correspond to vegetated areas as depicted in figure 

“b”. A spectral plot (bottom) was obtained from Sentinel 2 imagery for the selected soil sampling sites (14 points), 

which depicts spectral signatures of vegetation (green lines) and bare soil (red lines). 

 

A more detailed subset of alpha and Sentinel 2-RGB composite (Figures 5.6 and 5.7) 

illustrates the response under different conditions of vegetation cover, on which surface scattering 

is depicted in areas with bare soil and very-low vegetation indicating that the decomposition 

method retrieved soil backscattering under that degree of vegetation cover.  These figures were 

useful to demonstrate the method in a surrounding area of the selected points shown in Figure 

5.5. They have a visual purpose only, and examples from these were not included in the models. 

 

  
Figure 5.6 A detailed subset of Alpha (a) and Sentinel 2-RGB composite (b) with the corresponding H-alpha plane plot 

for the subset scene (c). The figure illustrates soils under different conditions of vegetation cover. Circles on the figures 

were only drawn to highlight low vegetation amongst soil. 

 

Bare soil and low vegetation (i.e., grass) were associated with surface scattering when some 

pixels samples were extracted from the Alpha image (S1) and the corresponding RGB composite 

from S2 (Figure 5.7), which could be confirmed by the H-α classification regions in the H-α plane 
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plot. This is also consistent with the spectral signatures (Figure 5.7) of a representative pixels 

within each polygon traced over the alpha and RGB images. The red and yellow spectral curves 

depict bare soil in fields (polygons) 3 and 5, respectively; green and pink curves indicate some 

degree of vegetation in fields 2 and 4 where soil occurs in the gaps between plants; and grey and 

blue spectral curves indicating the influence of dried crop residues (e.g. straw) from previous 

harvest in fields 1 and 6. It also worth noting that moisture content and surface roughness affect 

the soil spectrum, particularly in the visible spectrum (< 0.750 nm). 
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Figure 5.7 H-α plane plots (right) of samples selected over bare soil and low vegetation (left) in the study area. Points 

(samples) located in Z3 and Z6 in the plots indicate surface scattering mechanisms as brag surface and random surface 

types, respectively, with low and medium entropy, respectively. In agricultural fields, brag surface may be associated 

with fallows while random surface could be associated with ploughed fields and fields with short grass (Anup Das, n.d: 

pp 27, 70, 77). The spectral plot on the bottom shows the spectral signature of a representative pixel within each 

polygon. 

 

5.5.1 Statistical models  

The compositional LRM (Y-LRM) fitted with surface scattering as a covariate yielded an 

overall R2 value of 83%. In the model without the surface scattering variable, the overall R2 value 

was 78.6%. The NSE values (1:1 line) between observed and predicted samples indicated a 

improvement for silt and clay (Table 5.3). Fraction clay estimates showed the lowest agreement 

with the measured data in both modelling approaches (Figures 5.8a and 5.8b). Regarding soil 

texture classes, the corresponding classes from the soil particle-size fractions predicted were Sand 

(S), Sandy Loam (SL), Loam (L), Clay Loam (CL), and Silt Loam (SIL) – Figure 5.9b. The model 

fitted without surface scattering, resulted in more clayey classes, such as Clay (C) and Silty Clay 

Loam (SICL). Sand class (S) was not observed with this model.  

In the tree-based models fitted with CLR transformation applied to the response variables 

and validated with LOOCV, the inclusion of surface scattering as a covariate improved the 

estimation of soil particle-size fractions. For example, the error reduced for all PSF in all models 

and the agreement increased, except for clay, in the RF, BART and SBART models (Table 5.3). 

The clay fraction estimates showed the lowest agreement with the measured data in all models. 

The sand fraction was highlighted as the optimum response variable and the LLF and SBART 

models exhibited the best performance (Figure 5.8c). All the tree-based models yielded the same 

soil textural classes (Figure 5.9c-5.9f). 

For the tree-based models without log-ratio transformation (non- CoDa approach), the 

inclusion of surface scattering as a covariate also improved the estimation of soil particle-size 

fractions (Table 5.3). In general, the models demonstrated better performance, from the NSE, 

RMSE and MAE metrics, between the observed and test samples, except for clay. 

 
Table 5.3 Model evaluation metrics on test data for models validated through LOOCV method. (N=27) 

 MODELS WITH SURFACE 

SCATTERING 

 MODELS WITHOUT SURFACE SCATTERING 

SPSF* 
Y-LRM (ILR transformation)  Y-LRM (ILR transformation) 

RMSE MAE NSE  RMSE MAE NSE 

Sand 6.4 4.9 0.86  6.1 4.2 0.86 

Silt 11.2 7.9 0.17  12.5 8.8 -0.33 

Clay 8.0 6.0 -0.01  15.5 9.9 -1.16 

SPSF* 
RF (CLR transformation)  RF (CLR transformation) 

RMSE MAE NSE  RMSE MAE NSE 

Sand 10.06 7.41 0.65  10.64 7.50 0.58 

Silt 8.21 6.40 0.56  8.52 6.74 0.38 

Clay 7.64 5.21 0.08  9.29 7.31 0.22 

SPSF* 
BART (CLR transformation)  BART (CLR transformation) 

RMSE MAE NSE  RMSE MAE NSE 

Sand 6.83 4.83 0.84  7.51 5.27 0.79 

Silt 7.29 5.81 0.65  7.95 6.35 0.46 

Clay 7.03 4.87 0.22  9.11 7.09 0.25 

SPSF* SBART (CLR transformation)  SBART (CLR transformation) 
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RMSE MAE NSE  RMSE MAE NSE 

Sand 3.51 2.45 0.96  4.70 2.65 0.92 

Silt 7.41 5.54 0.64  6.90 5.64 0.59 

Clay 7.80 5.49 0.05  8.68 6.69 0.32 

SPSF* 
LLF model (CLR transformation)  LLF model (CLR transformation) 

RMSE MAE NSE  RMSE MAE NSE 

Sand 3.84 2.97 0.95  3.70 2.57 0.95 

Silt 6.61 5.56 0.71  7.10 5.53 0.57 

Clay 5.86 4.16 0.42  8.36 6.33 0.37 

SPSF* 
RF (Non-CoDa approach**)  RF (Non-CoDa approach**) 

RMSE MAE NSE  RMSE MAE NSE 

Sand 10.84 8.03 0.60  10.75 7.48 0.57 

Silt 8.97 7.01 0.47  8.48 6.68 0.38 

Clay 7.61 5.35 0.09  9.29 7.45 0.22 

SPSF* 
BART (Non-CoDa approach**)  BART (Non-CoDa approach**) 

RMSE MAE NSE  RMSE MAE NSE 

Sand 6.99 5.00 0.84  8.26 5.76 0.75 

Silt 7.25 5.79 0.67  8.18 6.20 0.43 

Clay 7.31 5.27 0.17  9.30 7.31 0.22 

SPSF* 
SBART (Non-CoDa approach**)  SBART (Non-CoDa approach**) 

RMSE MAE NSE  RMSE MAE NSE 

Sand 3.27 1.72 0.96  4.31 2.79 0.93 

Silt 6.68 5.07 0.71  6.90 5.56 0.59 

Clay 7.26 5.26 0.17  9.24 7.12 0.23 

SPSF* 
LLF model (Non-CoDa approach**)  LLF model (Non-CoDa approach**) 

RMSE MAE NSE  RMSE MAE NSE 

Sand 4.06 3.16 0.94  4.26 3.65 0.93 

Silt 6.51 5.47 0.72  7.59 5.92 0.5 

Clay 5.97 4.43 0.44  8.01 6.44 0.42 

RF: Random Forest; GRF: Generalized Random Forests; LLF: Local Linear Forest; BART: Bayesian 

Additive Regression Tree; SBART: SoftBART. Hyperparameters for each tree-based method: default. 

*Soil Particle size Fraction. ** Without log-ratio transformation. 

 

In an assessment of Sentinel-1, geophysical and topographical covariates for estimating 

topsoil particle-size fractions over the same study area, Deodoro et al. (2023) did not find a 

significant correlation between the radar backscatter coefficients (σ0
VV, σ0

VH) and the topsoil 

particle-size fractions for either the non-transformed or transformed soil PSF. Han et al. (2017) 

also found a weak correlation between radar backscatter (UAVSAR) and in situ soil PSF along 

the lower Mississippi river (riverside and landside). Such results indicate that soil PSF cannot be 

estimated directly from SAR data solely employing VV and VH backscatter values, that is, 

without covariates. We observed higher values for the association between SAR backscattering 

and SOC, however, correlations were weak with values ranging from -0.25 to 0.33 and not 

statistically significant (Appendix B – Table B5.4). A possible explanation for these results, is 

that soil samples usually go through treatment or sample pre-treatment analytical procedures in 

laboratory to remove cementing materials such as organic matter or “humus”, calcium carbonate 

and iron oxides, to obtain the particle-size fractions (Ribeiro et al., 2020). 
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Figure 5.8 Scatterplots depicting the observed and predicted data resulted from the compositional linear model and 

different tree-based models with the H-alpha dual-pol decomposition applied (surface scattering partition) (a, c) and 

without surface scattering in the model (b, d). RF: Random Forest; GRF: Generalized Random Forests; LLF: Local 

Linear Forest; BART: Bayesian Additive Regression Tree; SBART: SoftBART. 
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Figure 5.9 Soil ternary (USDA) with the textural classes obtained from the statistical models with surface scattering 

data included in the models and log-ratio transformation applied to the response variables (CoDa approach). Soil ternary 

in figure a) refers to the classes obtained directly from the measured data. Soil textural classes inferred from the 

regression models are depicted in figure (b) with the compositional LRM and in figures (c-f) with the tree-model 

approaches. 

 

5.6 Discussion  

As far as we are aware, no study to date has employed dual-pol decomposition for estimating 

soil PSF and predicting soil texture. Hence, comparative analyses based on results from other 

studies that employed this technique for biophysical properties retrieving were used to underpin 

this discussion section. 



 

119 

 

The H-alpha Dual-Pol Decomposition method provided, to a certain extent, surface scattering 

over low vegetation, which may indicate underlying soil. This was observed in our study by 

comparing the Alpha image and the RGB composite from Sentinel 2 image. Despite using a C-

band radar, which has a lower ability than an L-band radar to penetrate (low)vegetation and reach 

the soil (Babaeian et al., 2019). Typically, cross-polarisation (e.g. VH) is associated with multiple 

scattering and is useful for volume (multiple) scattering occurrence (Husman et al., 2021). Thus, 

it may be useful to separate soil and vegetation (Sowter, n.d.). In a study on crop growth analysis 

in India, Salma et al. (2022) used the H-α plane plot derived from S1 and target decomposition to 

analyse the behaviour of the crop field and soil plough. They found a match between the scattering 

shown on the H-α plane and field's temporal backscattering during growth period, which means 

that dual-pol decomposition, to a certain extent, dealt with gap space between soil and plants on 

the crop fields. 

On the other hand, Ji and Wu (2015) observed that HH-HV and HV-VV SARs cannot 

effectively separate surface, dipole, and multiple scattering mechanisms due to the lack of co-

polarization (HH-VV), indicating that co-polarization is vital for extracting scattering 

mechanisms (Ji and Wu, 2015). They argue that the scatters of most zones strongly diffusing and 

transferring in the H-α plots for HH-HV and HV-VV SARs. Notwithstanding caveats raised by 

Mascolo et al. (2021) and Ji and Wu (2015), dual-pol decomposition has been employed, for 

example, for feature identification for classification and for biophysical parameters estimates. In 

order to improve results and to avoid misinterpretation on scattering and target separation, 

adaptation of H-alpha planes and cosine distribution for dual-pol SAR could be useful. 

The pixel samples of bare soil and low vegetation (i.e. grass) that were extracted from the 

Alpha parameter image (from Sentinel 1) and the corresponding RGB composite from Sentinel 2 

could be confirmed as being surface scattering by the H-α classification regions in the H-α plane 

plot. These two types of land cover are observed in the plots corresponding to the Bragg and 

random scattering, which are known as surface scattering regions. This can be also observed in 

Figure 5.7.  

From the results of Alpha and Entropy shown in Table 5.1, we can note that the samples 

selected (n=27) are more related to the low entropy surface scattering (Alpha <= 40 and H <= 

0.6). This can be explained by the Bragg scattering associated with surface roughness conditions, 

which is common in agricultural lands due to plough, hay, or straw. On the other hand, the effect 

of second mechanism over quasi-bare soil (i.e. sparse vegetation cover), which might be due to 

the Bragg scattering (also a surface scattering) or double-bounce, needs to be more investigate for 

dual-pol decomposition.  

The dual H-α polarimetric decomposition method was useful to improve the models’ 

performance when the samples were selected over surface scattering mechanisms through alpha 

information. The compositional linear regression model fitted with ILR transformation yielded 

better results than the model fitted without the surface scattering mechanism. The surface 
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scattering predictor improved estimations for silt and clay on the test data. The highest magnitude 

NSE values for estimations in the test dataset for both scenarios were found for sand, in spite of 

remaining the same (NSE = 0.86). Such agreement results reflected the estimate errors, wherein 

RMSE and MAE values were reduced for silt and clay. Harfenmeister et al. (2021) in a study of 

crop growth monitoring with Sentinel 1, in Northeast Germany, identified alpha, entropy and 

anisotropy as important inputs in their model. They found R2 values from single regression models 

for the plant height of wheat related to entropy and anisotropy with of 0.64 and 0.61, respectively. 

With multiple regression models of VH, VV, entropy, and alpha, R2 values were 0.76, 0.7, 0.7 

and 0.69 for plant height, wet biomass, dry biomass, and vegetation water content, respectively. 

These authors thereby concluded that dual-polarimetric decomposition parameters, derived from 

Sentinel 1 is capable to provide meaningful input parameters for multiple regression models to 

improve the prediction of biophysical parameters.  

Regarding the tree-based models (CLR and non- CoDa), in the modelling scenario with the 

surface scattering, this predictor improved the particle size-fraction estimates, particularly for 

sand and silt fractions regarding the NSE. The estimates error were reduced in all models for all 

PSF, according to RMSE and MAE values. In general, LLF and SBART models showed the best 

performance, while sand was the soil fraction with better estimates. Random Forest algorithm 

yielded the lowest evaluation metrics values amongst the tree-based models. The tree-based 

models with CLR transformation showed improved metrics in comparison to this modelling 

approach without log-ratio transformation applied (non- CoDa approach). Likewise for the 

compositional LRM model, a distinctive behaviour of sand and clay results was also observed 

with the tree-based models. Moreover, the tree-based models appeared to capture some non-

linearity, particularly for clay estimation. The different performances for estimating sand, silt, and 

clay content (%) with the tree-based models, they could be also explained by the sample size as 

machine learning methods are data-based methods.  

The textural classes and the pattern of the samples displayed in the soil ternary (USDA) in 

the test data with the Y-LRM were most consistent with the soil ternary in the measured data than 

those derived from the tree-based models. It is important to note that such classes are derived 

from the estimations of sand, silt, and clay in the statistical models, thus, they were indirectly 

obtained. In the soil ternary with the true (observed) data, textural classes are obtained directly 

from the measured data. 

Despite the models’ performance, the results obtained from the tree-based models fitted with 

a non- CoDa approach suggest that they need to be analysed with caution. An important 

characteristic when dealing with soil texture is the sum of the parts (components or sand, silt and 

clay) being equal to 100 in each sample and such a constraint has to be guaranteed when such 

models are employed without transformation applied to the response variables (sand, silt and 

clay). Moreover, in this statistical modelling approach (standard regression method), 

compositional data is considered as univariate data or variables, that is, they are independent of 
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each other. This means that the predictions were obtained separately. Filzmoser et al. (2018) 

highlight that the use of classical statistical methods to deal with compositional data can lead to 

biased results. In our work, the constraint of the total sum equal to 100 in the estimations for each 

sample and the response variables being treated as multivariate were taken into account.  

The distinctive behaviour of soil particle-size estimations from our results suggests that sand 

and silt may be more related to surface scattering – sand was invariant only in the linear model. 

Clay did not respond to the surface scattering as sand and silt did, thereby it seems to be more 

related to volumetric scattering - recalling that surface and volume are partitions of alpha. In 

general, clay soil has a little more amount of plants nutrients than sandy soils and plays a vital 

role in holding plant nutrients and water. Notwithstanding the dry period of Sentinel 1 scenes, the 

returned radar beam (backscatter intensity) may have captured some remaining moisture from 

soils and the vegetation structure (i.e. leaves, stems, etc.), since both clay and radar signals are 

sensitive to moisture content. From this, the soil particle-size fractions estimations reflected in 

the soil textural ternary wherein more-sandy loam classes resulted from the model with the surface 

scattering covariate, while more-clayey loam classes were observed from the model without that 

covariate.  

The signal return, or backscattering coefficient (σ0), is largely dependent on soil texture 

(Dobson et al., 1981) and soil moisture content because of the dielectric constant (ε) of the soil 

(Das & Paul, 2015). A theoretical explanation on the importance of microwave remote sensing 

applied to soils relies on the behaviour of soil texture in the microwave spectrum, as the 

distribution of particle-size fractions controls the content of free water on soils (Dobson et al., 

1981). Consequently, the interpretation of SAR images relies on differences between the 

dielectric constant of the targets and is sensitive to the presence of water. 

Regardless of the statistical modelling approaches, the different patterns in the prediction of 

soil PSF may be related to the fact that clay fractions reflect more the physical and chemical soil 

properties, while sand and silt fractions are more related to weathering-resistant primary minerals 

of parent rocks (Niang et al., 2014). Moreover, in microwave remote sensing, soil texture affects 

the radar-backscattering coefficient as an interplay between free water and bound water (Jackson 

& Schmugge, 1989; Dobson et al., 1981). Sandy soils are richer in free water than clay soils that 

preserve more bound water (Srivastava et al., 2006; Das & Paul, 2015). Recalling again that the 

Sentinel-1 dataset was acquired during a dry period (03/04/2021) inclusive of days before the 

Sentinel-1 passing over the study area. This is important to be considered in terms of the 

interaction of free water with the incident signal, which in its turn, contributes to the SAR 

backscatter. (Das & Paul, 2015).   

 

5.6.1 Strengths and limitations of the work  
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Regarding the challenging task of estimating soil properties from SAR data and techniques 

in light of the increased attenuation of the microwave signal over vegetated surfaces (Babaeian et 

al., 2019), the method applied in this work seemly ameliorates such an issue.  

This research showed that the dual H-α polarimetric decomposition method, which is 

typically used for classification and segmentation purposes, can also be employed for soil 

properties prediction from dual-pol C-band SAR such as Sentinel 1 that is freely available for 

users, broadening the application of this technique in microwave remote sensing studies. 

Both modelling approaches showed the same pattern of results for the estimation in the test 

data – an improvement of silt and clay content (%) with surface scattering as one of the predictors, 

and sand exhibiting the highest values (although invariant with alpha-surface scattering), while 

clay the lowest. These findings can lead to learning more about the scattering mechanisms, soil 

PSF and soil texture in further works. 

The performance of the models evaluated here can potentially be improved by involving 

other field measures such as soil moisture and the dielectric constant of soil. Moreover, a fully-

pol H-alpha decomposition can be applied to an L-band SAR or even a dual-pol decomposition 

with a HH-VV SAR in order to compare the efficiency of the dual-pol decomposition method 

applied to a C-band SAR for the study area for soil PSF estimates.  

The methodological approach used in our work is not without limitations, which can be 

summarized in two main points. Firstly, the lack of the dielectric constant of the soil in the 

modelling approaches, which could be useful to analyse and exploit the relationship between 

sand-silt-clay and microwave backscattering coefficients (𝜎  𝑉𝐻
0  and 𝜎  𝑉𝐻

0 ), delving more deeper 

into the physical scattering properties and physical soil properties. Such data could be also useful 

to perform a simulation of extended-Bragg scattering scenario relating alpha, entropy and 

dielectric values using cosine distributions. This was carried out using full-pol data (Ponnurangam 

and Rao, 2017), but an adaptation of it could be useful for dual-pol VV-VH case to observe 

scattering angle alpha and entropy at a particular pattern. 

Secondly, the relatively small size of data obtained from the method here employed to train 

and test the model that might lead to an overestimation of sand % and an underestimation of clay 

%. Nevertheless, the results may reflected the true proportion among the components in the 

samples (compositional sand, silt, and clay fractions) rather than the sampling size.  

Likewise in Ji and Wu (2015) and Mascolo et al (2021), we are aware of the inherent 

limitation of dual polarisation-based SAR for target decomposition, nonetheless, the results are 

encouraging as the models here evaluated with the surface scattering covariate produced better 

estimates of soil particle-size fractions than the model without surface scattering data. This 

indicates the potentiality of the method (H-alpha dual pol-decomposition) to obtain soil 

information under some degree of vegetation cover (i.e. very low-and sparse vegetation) even 

with C-band radar. 
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5.7 Conclusion    

In this work, we tested the surface scattering mechanism, derived by H-alpha dual pol-

decomposition from Sentinel 1, and additional covariates to predict percentages of compositional 

sand, silt, and clay (topsoil). Our results reflected the dual-pol S1 limitation, highlighted in the 

literature, to derive alpha values for surface scattering retrieval under vegetated soil, as the results 

showed a slight improvement in soil PSF estimates for the model with surface scattering values 

employed. Notwithstanding that, the method improved results in all the models employed in this 

study.  

The method here applied is an empirical modelling-based approach wherein regression fits 

between in situ measurements – in this case study the percentages of sand, silt, and clay – and σº. 

The advantages of it are based on the fact that they are simple and straightforward, and there is 

no physical basis behind the model (Barret et al., 2009). One shortcoming is that empirical models 

are usually only valid for the area under investigation (Barret et al., 2009). As a result, in an 

example of soil texture mapping purposes, the method could be used in an area with similar 

characteristics to those of our study area, that is, low- and sparse vegetation (e.g. short grass, 

crops), bare soil, and arable- or fallow lands. Nonetheless, in light of the potential wide 

applicability of polarimetric decomposition methods to other than classification, the method could 

be employed to evaluate its usage in a more-dense vegetated area using SAR sensors built on 

longer wavelengths/shorter frequencies such as L-band and P-band. This could raise an issue in 

terms of data availability – which is not the case of Sentinel 1 since it is freely available for users. 

However, there is an increasing effort of space agencies to provide data freely available to 

everyone. For example, the Argentine SAOCOM (Satélite Argentino de Observación COn 

Microondas), a fully polarimetric satellite constellation of two spacecrafts that operate a 

spaceborne L-band SAR system. 

In the context of an agricultural field setting, one advantage of empirical modelling is the 

possibility to differentiate a pixel from various scattering mechanisms (Barret et al., 2009). Our 

work demonstrated that, under the presence of some degree of vegetation (i.e., a low- or sparse 

vegetation), target decomposition theorems and Pol-SAR decomposition methods together with 

radar vegetation indexes such as DpRVI can be used to compensate for this. Particularly for dual-

pol SAR without an HH-VV polarisation (Ji and Wu, 2015), as there is a scattering mixing in the 

H-alpha planes hampering an optimum separation of scatterers. This was observed in our study 

in the plots from Figure 5.7. It is worth noting that alpha refers to a dominant scattering 

mechanism in a pixel. Thus, despite of being a target decomposition, the pol-decomposition 

technique does not separate individual targets in a pixel, but rather dominant, since the radar 

image pixels contain many scatterers. On the other hand, notwithstanding constraints about dual-

pol decomposition, the H-alpha Dual Pol-Decomposition method with S1-C band SAR was able 

to capture the gaps between soil and vegetation through the dominant targets within a pixel (10 

m spatial resolution). This was also demonstrated in Figures 5.6 and 5.7, which was also 
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corroborated by spectral signatures of a representative pixel within each polygon. From this, dual-

pol decomposition remains a potential method for retrieving soil properties and biophysical 

parameters when employed with caution and meticulousness. 

Digital soil mapping generally relies on empirical models to integrate ancillary data 

influenced by topographical variables derived from a digital elevation model to soil particle-size 

fractions to understand distribution patterns of soil PSF across an area. (Mondejar & Tongco, 

2019). In this context, methods outlined here have the advantage of accounting for the 

requirements of compositional data such as soil texture. Moreover, regarding the laborious soil 

sampling associated with soil surveys, this work highlights the possibility of combing model 

based approaches with more limited in situ sampling methods – especially for sand and silt – for 

a sample size of 27 observations even splitting data into training and testing. 

Thus, the exploratory assessment of the methods carried out in this work is a starting point 

for the development of other case studies to ameliorate predictions of soil particle-size fractions 

and soil texture over low-and short vegetated areas, going beyond the traditional polarimetric 

decomposition technique applied for classification and segmentation of landscapes or for 

vegetation studies.  

Future works on this application – soil PSF and soil texture predictions with SAR techniques 

– may be beneficial by employing different backscattering coefficients – particularly gamma 

nought –, other speckle filtering methods, cosine distributions, and soil-specific covariates related 

to SAR such as dielectric constant, soil roughness, and soil moisture. Moreover, in light of the 

endeavour of the Sentinel satellite constellation and its benefits (e.g., free availability, temporal-

radiometric-spatial resolutions, and orbit stability), joining Sentinel 1 and Sentinel 2 products and 

their techniques can be also beneficial. For example, combining H-alpha dual-pol decomposition 

with spectral unmixing method (i.e. spectral mixture analysis using endmember values) to extract 

values to serve as input in a statistical model, as they are pixel-based analyses. A pure pixel or 

endmember is considered as such when a pixel contains a reflectance of one land cover/use 

feature. The aim of the spectral unmixing method is roughly the same as that of target polarimetric 

decomposition, that is, to distinguish the contributions of the targets in a single pixel since it is 

not pure due to the randomness of scatterings. 
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CHAPTER 6 | EVALUATING THE USE OF EXPLICITLY SPATIAL MODELS 

AND NON-SPATIAL MODELS TO ESTIMATE SOIL PARTICLE SIZE 

FRACTIONS AND SOIL TEXTURE USING SENTINEL-1 AND COVARIATES 

 

 

6.1 Context   

This Chapter corresponds to the final part of the methodology section of this research. It is 

rooted in the findings from Chapters 4 and 5, which provide the basis for addressing the following 

research question that motivated this part of the study: Spatial or non-spatial models? What is the 

difference between them in terms of performance, accuracy and issues for estimating soil grain-

size fractions? This Chapter also allowed this study to answer the research question concerned 

with the application of the methodology in another study area. 

A geostatistical modelling approach is employed to capture trends and patterns in the 

response variables in the sampling sites, which is not possible to achieve with non-spatial 

approaches. Two spatial models were tested namely Empirical Bayesian Kriging Regression and 

Cokriging to compare with the non-spatial models previously employed in Chapters 4 and 5. 

 

6.2 Introduction  

Soil texture (i.e., proportions of sand, silt, and clay content) is important for understanding 

other soil properties as it influences soil water retention. Sandy soils typically have a higher 

amount of free water than clay soils (Srivastava et al., 2006; Das & Paul, 2015), whereas the latter 

contains more bound water. However, obtaining soil texture and other soil properties using 

traditional methods (i.e. field sampling, laboratory analysis) remains costly and time-consuming, 

especially in small scale (larger areas) geographical studies. As a potential low-cost alternative, 

Synthetic Aperture Radar (SAR) has been employed to estimate soil properties (Petropoulos et 

al., 2015; Babaeian et al., 2019; Domenech et al., 2020; Pradipta et al., 2022). Typically, these 

studies have focussed on the utilisation of SAR for estimating soil moisture or carbon content 

over bare or sparsely vegetated ground and employ soil texture as a secondary parameter to 

retrieve these parameters. Few studies have employed SAR for estimating soil particle size 

fractions (PSF) (the relative proportions of sand, silt and clay), where soils are permanently 

covered by vegetation, especially by grass or crops (Jagdhuber, 2012, 2013; Harfenmeister et al., 

2021; Salma et al., 2022; Dave et al. 2023). This may, in part, be due to the complexity that this 

soil property is compositional in nature (i.e., the sum of the relative proportions is equal to 100%) 

and challenges around the use and interpretation of radar data. 

One of the main parameters related to energy intensity measurements in microwave remote 

sensors (i.e., the proportion of energy that is returned from the target) is the normalized radar 

cross section (σ0), known as the backscattering coefficient, which is a measure of the polarisation 

intensity (i.e., vertical transmit and receive-VV, vertical transmit horizontal receive-VH). The 

signal return, or backscattering coefficient (σ0), is largely dependent on soil texture (Dobson et 
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al., 1981) and soil moisture content, due to the dielectric constant (ε) of the soil (Das & Paul, 

2015) which is directly related to the presence of water in the soil pore spaces. Soil properties can 

be estimated using SAR through establishing a relationship between the backscattering coefficient 

and soil property of interest.  

The geostatistical approach has been largely employed to model, estimate, predict and 

simulate geographical phenomena by means of distance and neighbourhood analyses and based 

on three main principles or laws of geography that govern geostatistical techniques: spatial 

autocorrelation (Tobler, 1970), spatial heterogeneity (Goodchild, 2004) and spatial similarity 

(Zhu et al., 2018). Typically, there are two different methods to predict values at unsampled 

locations (spatial prediction, spatial interpolation, or spatial modelling) – deterministic (e.g. 

inverse distance weighting-IDW, global polynomial interpolation-GPI, radial basis function-

RBF, local polynomial interpolation-LPI) and non-deterministic (e.g., kriging, cokriging, areal 

interpolation, empirical Bayesian kriging-EBK) (Singh & Sarma, 2023). Spatial machine learning 

is another approach, however, it differs from geostatistical-based models in terms of rigid 

assumptions required such as distribution and stationarity of the target variable (Hengl et al., 

2018). Uncertainty of spatial predictions can also be measured with this approach and details of 

the methods can be found in Hengl et al. (2018). 

However, a challenge emerges in both spatial and non-spatial modelling when dealing with 

compositional data (CoDa) like soil texture, due to the inherent nature of the variable (i.e. either 

a compositional response or compositional predictor), and the prediction/estimate needs to reflect 

this constraint. Wang & Shi (2017) conclude that to improve spatial interpolation performance, a 

combination of geospatial methods and the use of ancillary variables is necessary, since many of 

the traditional methods may not reflect the specific requirements of compositional data for 

interpolation. 

In this context, two spatial models from the geostatistical approach (Empirical Bayesian 

Kriging Regression and Cokriging), and two non-spatial models (linear regression and tree-based 

regression) were tested in this study to estimate the percentages of sand, silt and clay on topsoil 

layer using microwave remote sensing data (Sentinel-1 SAR). The modelling approaches 

employed explicitly consider the compositional nature of soil texture. This work seeks to address 

two key research questions: (i) Do spatial models outperform non-spatial models in estimating 

soil particle size fractions? and, (ii) How, and to what extent, do location and neighbourhood 

affect the model estimates? The focus of this study is an evaluation on the impact of considering 

a numerical, but non-geographical dataset and a spatial dataset (e.g. raster, shapefile) in the 

models for spatial prediction of soil fractions using of SAR information. 

The remainder of this chapter is organised as follows. Section 6.3 presents a brief review of 

the theory and review of relevant literature. Section 6.4 outlines the methods and data used to 

carry out the research, including the study area. Sections 6.5 and 6.6 present the results of the 
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modelling approaches and discussion, including a description of the strengths and limitations of 

the work. Section 6.7 presents the conclusion of the study. 

 

6.3 Background: Spatially explicit models and geostatistics 

Spatially explicit models are those that fulfil at least one of the following requirements/tests 

and any of their combinations (Goodchild, 2001; Janowicz et al., 2020): Invariance test, 

Representation test, Formulation test, and Outcome test. Nikparvar and Thill (2021) discuss the 

properties of spatially explicit data that influence the performance of machine learning – spatial 

dependence, spatial heterogeneity, scale, specific representation of the data (polygon, line, point, 

regular grid, text), and measurement process. Details on those requirements/tests and discussions 

can be found in Janowicz et al. (2020) and Nikparvar and Thill (2021). 

Geostatistical methods builds upon the principles of spatial autocorrelation (nearby things 

are related), spatial heterogeneity (variance across areas) and spatial similarity (similarity of 

geographic configurations), referring to the three laws of Geography – Tobler’s Law (Tobler, 

1970), Goodchild's Second Law (Goodchild, 2004), and Zhu´s law (Zhu et al., 2018), 

respectively. A number of geospatial techniques are based on these laws, including Voronoi 

mapping (first law), kriging/cokriging (second law). The second law implies that the requirements 

imposed by Tobler’s Law would not be met over large areas, since the spatial autocorrelation 

and/or the correlation may vary over space. Delaunay Triangulation results in a Voronoi map, 

where features that share an edge will be included as neighbours – the proximity diagrams. It is a 

useful method for obtaining an influential area of a feature (Evans & Jones, 1987) (e.g., a point 

representing a measure of soil particle size fractions) or geographical phenomenon. Voronoi 

diagrams, also known as Dirichlet tesselation or Thiessen polygons, express ubiquitous patterns 

in nature (Dierking et al., 2021). Thus, the Voronoi diagram and its relative or dual graph 

Delaunay triangulation (Appendix C – Figure C6.1) represent potentially valuable tools for 

analysing spatial data (Okabe et al., 2000).  

Spatial correlation, which declines with distance, is typically measured using semi-

variograms. A steeper curve near the origin (nugget effect) means a greater influence of the closest 

neighbours on the prediction/point of interest. However, spatial models are prone to inductive 

spatial bias due to spatial autocorrelation (Smith, 2009; Mialon, 2023). 

The most common geostatistical method to predict data at unsampled locations is Kriging, 

which relies on mathematical and statistical models, as well as on the principle of spatial 

heterogeneity (Goodchild´s second law). These features distinguish Kriging methods from more 

deterministic methods such as IDW. A deterministic method offers reproducibility and stability 

as it operates without any randomness (Singh & Sarma, 2023), being a valuable method when and 

where repeatability, reliability, and precision are essential (Singh & Sarma, 2023). On the other 

hand, it does not provide uncertainty estimation in predictions. In turn, apart from creating spatial 

maps, non-deterministic methods seeks to quantify uncertainty in predictions. Further, methods 
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such as Cokriging (CK) that employ two or more predictor(s) to incorporate spatial correlation 

between multiple variables can result in improved models and enhance the accuracy of the 

estimates (Singh & Sarma, 2023). 

Cokriging, a variation of Kriging, is employed when covariates are considered in the model. 

It uses information on both the autocorrelation of the response variable and the cross-correlations 

between the predictor and the covariates to improve the predictions. By exploiting information 

on the covariates, this method is commonly used when the variable of interest has a lower 

sampling density. Both Kriging and CK assume normality and stationarity. Where a trend exists, 

either an anisotropic variogram or Universal Kriging-Cokriging can be used. 

Empirical Bayesian Kriging Regression (EBKR) is an extension of Empirical Bayesian 

Kriging (EBK), which combines Kriging with regression (Linear Mixed Model-LMM) 

(Krivoruchko and Gribov, 2019; Gribov and Krivoruchko, 2020), leading to more accurate 

predictions over a single method. Basically, the dependent variable is a function of the mean (the 

regression component) and the error term (the semivariogram/covariance component). It is also 

an alternative method when stationarity is not present in the response variable as it treats local 

variance separately (subsets) in lieu of variance being constant in the whole area. Thus, EBKR 

performs Kriging locally.  

There is an extensive body of literature on the use of spatial models (geostatistical and 

machine learning approaches) for soil property estimation and prediction (Table 6.1). Further, 

Webster and Oliver (2007) highlight the valuable role of geostatistical techniques in solving real-

world problems, such as soil properties, for farmers.  

 

Table 6.1 Some related works regarding statistical and/or geostatistical models for soil properties estimation and 

prediction 

Technique Soil property Reference 

Artificial Neural Network 

(ANN) 

soil moisture Araya et al. (2021) 

Bayes Network soil texture Smith & Peng (2009) 

Boosted Regression Trees 

(BRT) 

soil moisture Araya et al. (2021) 

Compositional Kriging; Log-

ratio Kriging 

sand, silt, and clay content Wang & Shi (2018); Wang & Shi (2017) 

Geographically Weighted 

Regression  

organic matter; organic carbon 

content; total organic carbon 

content; pH 

Xu & Zhang (2021); Zeng et al. (2016); 

Zhang et al. (2011); Wang et al. (2012) 

Log-ratio Cokriging sand, silt, and clay content Wang & Shi (2018) 

Multilayer Perceptron Neural 

Network (MLP) 

soil texture Smith & Peng (2009) 

Multiple Linear Regression 
organic matter; organic carbon 

content 

Zeng et al. (2016); Zhang et al. (2011) 

Naïve Bayes soil texture Smith & Peng (2009) 

Ordinary Kriging  
organic matter; organic carbon 

content 

Zeng et al. (2016), Zhang et al. (2011) 

Radial Basis Function Neural 

Network (RBF) 

soil texture Smith & Peng (2009) 

Random Forests  

soil texture; soil classes; sand, silt, 

and clay content; soil moisture  

Akpa et al. (2014); Araya et al. (2021); 

Bousbih et al. (2019); Cisty et al. 

(2019); Dotto et al. (2020); Ließ et al 

(2012); Pittman & Hu (2021); Silva et al. 

(2019) 
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Regression Kriging  organic matter Wang et al. (2012) 

Relevance Vector Regression 

(RVR) 

soil moisture Araya et al. (2021) 

Support Vector Machine 

Regression (SVM) or Support 

Vector Regression (SVR) 

sand, silt, and clay content; soil 

texture; soil moisture; organic 

carbon  

Araya et al. (2021); Bousbih et al. 

(2019); Gholizadeh et al. (2018); Silva 

et al. (2019); Smith & Peng (2009). 

 

As part of the Irish Soil Information System Project, Random Forests, Bayesian belief 

networks and neural networks have been used to predict soil map units at a 1:250,000 scale. The 

highest accuracy levels were achieved with Bayesian Belief Networks and Random Forests (Mayr 

et al., 2013). These findings are consistent with recent work from Deodoro et al. (2023), who 

found that Random Forests outperformed the Linear Regression Model when interaction terms 

were applied to the latter for estimating sand, silt, and clay content using a non-spatial modelling 

approach.   

Regarding spatial modelling approaches treating soil texture as CoDa, Wang & Shi (2017, 

2018) explored Kriging and CK with different log-ratio transformation methods for mapping soil 

particle size fractions in China. They found that a combination of the interpolators with robust 

variogram estimators significantly improved the prediction accuracy compared to using standard 

estimators, highlighting the performance of Ordinary Kriging with CLR log-ratio transformation, 

and CK with ILR log-ratio transformation. 

 

6.4 Data and Methods 

6.4.1 Study Region 

The study domain encompasses the central portion of Ireland from E-W direction, 

representing approximately 24,989 km2 (Figure 6.1). The land cover and land use consist 

predominantly of agricultural areas (including pasture, crops, and arable land), grassland, peat 

bogs, and manufactured structures, including urban areas. Agriculture is the primary land use-

land cover category in Ireland, accounting for 67% of the national land cover according to the 

CORINE 2018 land cover inventory.  
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Figure 6.1 Map of the study area with the location of topsoil sampling sites available from different soil surveys and 

measurement programmes. 

 

Within the area of interest, altitude values range from 923 m on the uplands to 1 m in the 

flood plains in the south-west. Spring and summer are the driest seasons while autumn and winter 

are the wettest. Approximately 256-282 mm of rain occurs during March-August whereas this 

value increases to roughly 369-380 mm during September-February (Curley et al., 2023). The 

West coast generally exhibits higher rainfall amounts associated with the prevailing westerlies 

interacting with relief. Regarding soil texture, fine loamy is the predominant soil texture class in 

Ireland (Creamer et al., 2016), whose landscape is moulded by solid geology (weathered 

materials) and drift geology (unconsolidated deposits or loose sediments) (Creamer et al., 2018).  

 

6.4.2 Data 

6.4.2.1. Soil information 

Soil data used to train and validate the prediction models consisted of 235 samples originally 

extracted from a legacy soil dataset whose sampling was conducted across Ireland, in both shallow 

and deep soil layers, by various institutions for different survey purposes, as follows: 

▪ Modal and Non-Modal profiles (Creamer et al., 2014) obtained from Teagasc, the Irish 

Agriculture and Food Development Authority, for the Irish Soil Information System 

(SIS). 

▪ LUCAS Topsoil 2009 Survey-v1 (Toth et al., 2013; Orgiazzi et al., 2018) and LUCAS 

Topsoil 2015 Survey (Jones et al., 2020) - soil campaigns carried out by the European 

Soil Data Centre (ESDAC). 
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▪ Soil Carbon (SoilC) (Kiely et al., 2009) – soil survey undertaken by the University 

College Cork (UCC) and Teagasc.  

▪ WoSIS Soil Profile Database (June 2022)(Ribeiro et al., 2020) - the World Soil 

Information Service (WoSIS) is a global soil database that stores soil profile data relating 

to 45 soil properties (physical and chemical). 

  Only the topmost layer or topsoil (0-15 cm in depth) was selected for use in this study to be 

consistent with the relatively low capability of C-band radar beams of Sentinel 1 to reach the 

ground compared to L-band SAR sensors. 

 

6.4.2.2 Microwave remote sensing data 

This study employed microwave remote sensing data from the European Space Agency 

(ESA) Sentinel-1 SAR (C-band) satellite, with Interferometric Wide (IW) swath mode 

acquisition, Single Look Complex (SLC) product, as radar-based predictors. Sentinel-1 data are 

available in dual polarisation (VV+VH). The SLC data were obtained with the backscattering 

coefficients expressed in decibels (db). Co-registration, multi-look, speckle filtering, terrain 

correction and calibration were carried out using the Sentinel-1 Toolbox (SNAP-ESA). The 

Copernicus Digital Elevation Model for Europe (ESA EEA-10) at 10 m spatial resolution was 

used for terrain correction. All datasets were geo-coded to the Irish Transverse Mercator 

projection.  

Radar-based data consist of (i) the backscatter coefficients (backscatter intensity) provided 

by the VV and VH polarisations measured in sigma nought (σ0) obtained for the in-situ soil 

sampling locations, georeferenced; (ii) alpha parameter resulting from the dual-pol 

decomposition, which varies between 0° and 90° and is used to determine the dominant scattering 

mechanism; (iii) the dual-pol radar vegetation index (RVI, Eq.6.1) (Nasirzadehdizaji et al., 2019; 

Gururaj et al., 2019); and, (iv) surface soil moisture (SSM) which refers to the relative water 

content of the top few centimetres of the soil, measured by Sentinel-1 under the Copernicus 

programme. Similar to the alpha parameter, RVI considers the vegetation effect on soil 

backscattering: 

RVI =
4σ VH

0

σ VV 
0 +  σ VH

0  
Equation 6.1 

 

The Sentinel-1 dataset (VV, VH, SSM) was acquired for the 3rd of April 2021 - this was 

selected as April was the month with the lowest recorded rainfall during that year based on 

information from the Irish national meteorological service, Met Éireann (Met Éireann, 2021). In 

selecting the date, the antecedent conditions were taken into consideration (29/03/2021-

03/04/2021), which had little to no rainfall for the days preceding the date of acquisition.  

 

6.4.2.3 Environmental data 
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Topographical data derived from the digital elevation model (DEM) ESA EEA-10 was used 

considering a soil-landscape approach. The topography covariates consist of altitude, slope, 

aspect and curvature of the slope (concave surface or convex surface). The surface spatial analyst 

algorithms available in the ArcGIS® toolbox were used to extract these covariates from the DEM. 

Topographical covariates (i.e. altitude, slope, aspect, and curvature) and radar covariates 

derived from Sentinel-1 (i.e. VV and VH backscattering, RVI, and alpha) were employed to 

account for surface roughness. 

 

6.4.3 Methods 

6.4.3.1 Geostatistical exploratory analysis 

In both the spatial and non-spatial models evaluated, radar-based data and topography data 

were employed as predictors. Prior to the prediction modelling, an exploratory geostatistical 

analysis of the response variables, built upon the approaches of pattern and neighbourhood, was 

undertaken to understand the spatial structure of the data and to tune the parameters in the models 

accordingly. Such a procedure is grounded on the fact that spatial interpolation methods rely on 

weights from surrounding measured values to predict unmeasured locations. Furthermore, when 

assessing for spatial influences, it is worth considering how regular the sampling units are 

distributed in space (e.g., regular or gridded, random, dispersed, clustered).  

Regarding the pattern analysis, the Global Moran´s Index (GMI) and the Average Nearest 

Neighbour (ANN) were employed (Equations 6.2 and 6.3, respectively).  

𝐺𝑀𝐼 =  
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 Equation 6.2 

where 𝑧𝑖  is de deviation of an attribute for feature i from its mean; 𝑤𝑖,𝑗 is the spatial weight 

between feature i and j; n is the number of features; and 𝑆0 is the aggregate of all the spatial 

weights.  
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 Equation 6.3 

where 𝐷̅𝑜 is the observed mean distance between each feature and its nearest neighbour; 𝐷̅𝑒 is the 

expected mean distance for the features given in a random pattern; di denotes the distance between 

feature i and its nearest neighbouring feature; n is the total number of features; and A corresponds 

to the area value (specified). 

The GMI was calculated to assess the spatial autocorrelation within the data for both the 

response variables and the covariates. It ranges from -1 to 1, wherein positive values occur when 

similar values cluster together (positive spatial autocorrelation); negative values denote 

dissimilarity amongst the data, that is, dissimilar values are next to each other (negative spatial 

autocorrelation); and zero value denotes no spatial autocorrelation. It is worth noting that 

autocorrelation violates the core principles of classical statistics, that is, observations are 

independent of each other. The ANN was useful to find the distribution pattern of the data. It 
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measures the distance between each feature and its nearest neighbour’s location. If the ANN index 

is less than 1, the pattern exhibits clustering; if greater than 1, the trend is toward dispersion. 

 For the neighbourhood analysis, the Distance Band and Delaunay Triangulation methods 

were used because they are appropriate when dealing with point features. The former is a critical 

distance within which each feature is included as neighbours. Here, the distance found was 20,000 

m, based on the distribution pattern of the data. We selected Manhattan distance as a method to 

account for outliers and spatial discontinuities (e.g., topography, landforms).  

 

6.4.3.2 Prediction modelling approaches and interpolation 

Spatial Models 

▪ Co-kriging (CK):  

Simple CK (Eq. 6.4) was employed based on the exploratory analysis of the data (known 

mean):  

𝑍1  (𝑠) =  𝜇 + 𝜖1  (𝑠) ,  𝑍2 (𝑠) =  𝜇 +  𝜖2  (𝑠) Equation 6.4 

 

where 𝑍1  and 𝑍2  are the random variables located in (𝑠); 𝜇 is the known and constant mean; 𝜖1 

and 𝜖2 are random error terms. Cokriging assumes two models and stationarity of the data (mean 

and variance constant). 

Variograms used in Cokriging (variance-based cross-variograms, Eq. 6.5) are estimated from 

data and explain the spatial variability of soil PSF (Wang & Shi, 2018): 

𝛾𝑢,𝑣  (ℎ) =
1

2𝑁(ℎ)
 ∑ {𝑧𝑢  (𝑥𝑖) − 𝑧𝑢  (𝑥𝑖 + ℎ)}

𝑁(ℎ)

𝑖=1

{𝑧𝑣  (𝑥𝑖) − 𝑧𝑣  (𝑥𝑖 + ℎ)} , 

 

Equation 6.5 

where 𝛾 is the estimated variability; ℎ is the lag or distance; 𝑁(ℎ) are pairs of sample locations 

grouped by ℎ; ith is observation located at 𝑥𝑖 + ℎ included in the summation; (z(xj) ,  j=1, 2, …, 

n) refers to the data used to estimate the cross-variogram; 𝑧𝑢  and 𝑧𝑣  are the actual variances at 

spatial locations u and v (Wang & Shi, 2018).  

Simple CK was also employed to be consistent with the EBKR, which relies on Simple 

Kriging for the interpolation step.  For lag size, the value of 3,000 m was used to fit the cross-

variogram, which corresponds to half of the largest distance between any two points, based on 

the exploratory geostatistical analysis and the in situ soil sampling distribution across the study 

area. The number of lags used was 20, based on the exploratory analysis and following the rule 

of thumb of finding half of the largest distance between any two points and dividing it by the lag 

size. Here, the largest distance was approximately 27,000 m. Since a trend was observed for sand 

and clay in the exploratory analysis, this study considered anisotropy for these fractions (199° 

SSW-NNE, and 134° SE-NW, respectively). After testing different empirical semi-variogram 

models for the response variables – stable, circular, spherical, exponential and gaussian, rotational 

quadratic, and k-bessel – the stable model was selected based on fit and ability to capture the 
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spatial structure of the data. The model was validated with the leave-one-out cross validation 

method (LOOCV).  

▪ EBK regression (EBKR) 

For the EBKR model (Eq. 5.6) (Krivoruchko & Gribov, 2019), an exponential semi-

variogram with a minimum percent of variance equal to 95, subset size 36 (to account for local 

influence and local variance) and 100 simulations were selected in this study. 

 

𝑧1 = 𝑦(𝑠𝑖) + 𝜀𝑖 , 𝑖 = 1. . . 𝐾̅̅ ̅̅ ̅̅ ̅  Equation 6.6 

where 𝑧1 is the measured value at the observed location 𝑠𝑖; 𝑦(𝑠) is the Gaussian process under 

study at the location 𝑠𝑖; 𝜀𝑖 is the Gaussian measurement error; and 𝐾 is the number of 

measurements.  

The EBKR model was also validated with the leave-one-out cross-validation method 

(LOOCV). In attempting to handle non-linearity, which was observed in the results from the CK 

and EBKR models, this study applied polynomial functions (cubic and 6-degrees) and splines 

over curvature, and interactions terms over all the covariates. Only the statistically significant 

interactions were employed as covariates to re-run the EBKR and CK models (Appendix C – 

Table C6.1). 

 

Non-spatial models 

For comparison purposes, a non-spatial linear modelling approach was also carried out. 

Considering the compositional nature of soil texture (a composition of particle size fractions), 

log-ratio transformation methods rooted on symmetry were employed in this study because they 

preserve distances. The isometric log-ratio transformation (ILR) was applied to the response 

variables or Y (sand, silt, and clay) for fitting the compositional Linear Regression Model (Y-

LRM) following the default partitioning built in the CoDaPack software (Comas-Cufí & Thió-

Henestrosa, 2011). The centred log-ratio transformation was applied to the response variables to 

train a tree-based model (Deodoro et al., 2023). The total sum equal to 100 (or 1) of the PSF 

components is guaranteed when the predicted values are back-transformed to the original units 

(Comas-Cufí & Thió-Henestrosa, 2011). The CLR transformation was applied to the response 

variables to fit the tree model-based regression (Random Forests model-RF). Details about both 

CLR and ILR transformations are presented in Appendix C – Models. Interaction terms in the 

compositional LRM were also applied to account for the interplay between the predictors and the 

response variables as RF and geostatistical models do, whose interactions between influential 

processes are already embedded in the algorithms. 

The geostatistical analysis and the modelling approaches were performed using the free and 

open source software GeoDA (Anselin, 2004), and the extensions Geostatistical Analyst and 

Spatial Statistics available in ArcGIS Pro®. The non-spatial RF model was performed with R – 

package “Ranger” (Wright & Ziegler, 2017) 
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6.4.4 Evaluation metrics for soil particle size predictions  

Root Mean Square Error (RMSE) (Eq. 6.7), MAE (Mean Absolute Error) (Eq. 6.8) and Nash-

Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970) (Eq. 6.9) were calculated to evaluate the 

performance of the models validated with LOOCV. NSE measures the magnitude of the residual 

variance compared to the measured data variance (Nash and Sutcliffe, 1970) and indicates how 

well the graphs of observed versus predicted (simulated) data fits the 1:1 line. A value equal to 1 

corresponds to a perfect match of the model to the observed data; NSE = 0 indicates that predicted 

data and observed data have same accuracy; - Inf < NSE < 0 denotes a poor performance of the 

model with observed mean being a better predictor than the model. 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
 ∑(𝑦𝑖 −  𝑦̂𝑖)

2

𝑛

𝑖=1

 

 

Equation 6.7 

where 𝑦𝑖 is the actual value of the dependent variable, 𝑦̂𝑖 is the predicted value of the dependent 

variable, and n is the number of observations 

𝑀𝐴𝐸 =  
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𝑛
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 Equation 6.8 

where 𝑦𝑖, 𝑦̂𝑖, and n represents the same descriptors that those of RMSE. 
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 ] Equation 6.9 

where 𝑦𝑖 is the ith observation, 𝑦̂𝑖 is the ith predicted value, 𝑦𝑖̅ is the mean of observed data, and 

𝑛 is the total number of observations. 

 

6.5 Results  

The distribution of the response variables could be approximated by a normal distribution for 

sand and silt whereas it is skewed to the right for clay (Appendix C – Figure C6.2). Based on a 

grouping of the mean values, sand and clay fractions (content measured %) showed geographical 

patterns in terms of the highest values (Figure 6.2a-b). The former exhibits larger values (> 45%) 

in the S-SE portions of the study area, while larger values of clay content (> 22%) occur in western 

region (NW-SW). Larger values of silt content (> 39%) tended to W-E, although its pattern is not 

clear – both the lowest and the highest values are dispersed across the area. The trend analysis 

plots (Figure 6.2 and Appendix C – Figure C6.3) confirm the pattern distributions of soil PSF. 

These results indicate that, locally, the data sampling represents a non-stationary process, which 

is observed in the Voronoi diagrams depicting local variance and local variation (Appendix C – 

Figure C6.4). These results is consistent with Singh and Sarma (2023) who highlight that in soil 

properties the spatial correlation may vary across the region, consequently, hypothesis of 

stationarity may not hold, as well as the Tobler’s Law. This means that the second law of 

geography (spatial heterogeneity) was achieved, especially due to large area, being aligned with 

kriging approach. 
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Figure 6.2 Neighbourhood analysis of response variables (measured data, content %) according to a) Distance Band 

and b) Delauney Triangulation (Voronoi tessellation) methods. A three-dimensional perspective of the data is depicted 

in “c”, wherein the locations of sample points are plotted on the x, y plane. The x, z plane and the y, z plane are 

scatterplots of the values projected onto such planes and represent the trend directions (blue and green colours). Above 

each sample point, the value is given by the height of a stick in the z-dimension. 

 

The average nearest neighbour ratio was greater than 1 (Table 6.2), thus the pattern exhibits 

dispersion of the data, which is consistent with the distribution pattern given by the Global Moran 

Index-GMI (Table 6.3). The GMI also indicated a lack of spatial autocorrelation for the response 

variables (See also Appendix C – Figure C6.17). Regarding the covariates, there is a clustered 

pattern for VH, surface soil moisture and aspect. Only the soil moisture and aspect covariates are 

autocorrelated or spatially dependent. 

 

Table 6.2 Distance band from neighbour 

Data 
Distance band (at least one neighbour) *  

Minimum (metres) Maximum (metres) Average (metres) Nearest Neighbour Ratio 

Soil samples 164 32,932 6,312 1.28 

*Manhattan distance.   
 

 

Table 6.3 Spatial autocorrelation: Global Moran Index 

Soil PSF* 

Global Moran 

Index 

Distribution 

Pattern 

P-value Significance level Spatially 

autocorrelated 

(or dependent)  

Sand -0.0500 Dispersed 0.01 0.10 No 

Silt -0.0578 Dispersed 0.00 0.01 No 

Clay -0.0022 Random 0.84 - No 

Sand.clr -0.0499 Dispersed 0.01 0.05 No 

Silt.clr -0.0551 Dispersed 0.00 0.01 No 

Clay.clr -0.0022 Random 0.85 - No 

ilr.1 -0.0022 Random 0.85 - No 

ilr.2 -0.0669 Dispersed 0.00 0.01 No 

Covariates*      

VV -0.0049 Random 0.98 - No 

VH 0.0798 Clustered 0.17 0.05 No 
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RVI 0.0256 Random 0.39 - No 

Curvature -0.0701 Dispersed 0.07 0.10 No 

Surface soil 

moisture (SSM) 
0.2469 

Clustered 0.00 0.01 Yes 

Alpha -0.0346 Random 0.42 - No 

Altitude -0.0193 Random 0.70 - No 

Slope 0.0327 Random 0.28 - No 

Aspect 0.9600 Clustered 0.00 0.01 Yes 

Source: ArcGIS output. Distance method: Manhattan; Spatial relationships method: Inverse Distance. 

*Related to soil samples (observed data). 

 

Incremental distance, measuring the intensity of spatial clustering for each increasing 

distance (small scale or large area), showed that only clay (measured data) exhibited clustering at 

two distances, approximately 7,500 m and 17,500 m (Appendix C – Figure C6.5). This means 

that the distance of 7.5 km could be employed as a more-local scale of analysis for clay, which is 

the first statistically significant peak at a significance level of 0.10. For sand and silt, results 

indicated potential multiple spatial processes (no clear spatial pattern) operating at a different 

distance in the study area. 

 

6.5.1 Spatial modelling      

Results showed different behaviour for EBKR and CK. In terms of estimated values, CK 

yielded better results according to the model evaluation metrics (Table 6.4) and the agreement 

between observed and predicted data (Figure 6.3). However, the statistical diagnostics exhibited 

a pattern in the errors for predicted sand, associated with the curvature predictor (Appendix C – 

Figures C6.10-12). This was not observed in the EBKR error plots (Appendix C – Figures C6.7 

and C6.8). The use of the CoDa approach did not improve the predictions in the models. 

 
Table 6.4 Evaluation metrics resulted from the spatial modelling approaches validated with LOOCV  

Modelling approach 

(Validation method: LOOCV) Soil PSF 
Model evaluation metrics 

RMSE MAE NSE 

Model: EBK regression  

(non-Coda) 

 

Sand 14.1 11.1 0.2 

Silt 10.0 8.0 0.2 

Clay 8.0 6.0 0.3 

Model: EBK regression with 2nd order 

interaction terms applied to the covariates 

(non-CoDa) 

Sand 14.7 11.4 0.1 

Silt 10.7 8.4 0.1 

Clay 8.3 6.1 0.3 

Model : EBK regression  

Y-compositional (clr transformation) 

 

Sand 14.1 11.2 0.2 

Silt 10.2 8.1 0.2 

Clay 8.5 6.2 0.2 

Model : Cokriging 

(non-CoDa) 

 

Sand 2.0 1.5 0.9 

Silt 6.9 5.1 0.6 

Clay 6.6 4.8 0.5 

Model : Cokriging with 2nd order interaction 

terms applied to the covariates (non-CoDa) 

Sand 3.6 2.7 0.9 

Silt 7.8 6.0 0.5 

Clay 6.6 4.9 0.5 

Model : Cokriging 

Y-compositional (clr transformation) 

 

Sand 3.3 2.4 0.9 

Silt 7.0 5.3 0.6 

Clay 6.9 5.1 0.5 
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Figure 6.3 Scatterplots of observed and predicted values resulting from the CK approach with and without CLR transformation validated with LOOCV method. Model without 

interaction terms applied to the covariates. 
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Figure 6.4 Scatterplots of observed and predicted values resulting from the EBKR model with- and without CLR transformation validated with LOOCV method. Model 

without interaction terms applied to the covariates.  
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Conversely, in terms of surface predictions (interpolated surface), EBKR visually showed 

better results, as the corresponding prediction maps (Figure 6.5) were found to follow the pattern 

and trend in the observed (measured) data (Figure 6.2), notwithstanding the scatterplots of 

observed and predicted values (Figure 6.4). The CK was not a good approach in terms of surface 

predictions (interpolation or geovisualisation) (Figure 6.6). The CoDa approach was useful for 

capturing the trend in the measured data in the spatial models regarding interpolation.  

A nugget effect, which could mean either measurement error or microscale variation, was 

not observed in the semi-variograms (Appendix C – Figures C6.6 and C6.9). The later could be 

the case since the exploratory analysis plots and the semi-variograms showed no autocorrelation 

between pairs over short distances.  
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Figure 6.5 Surface predictions resulting from the EBKR approach with and without CLR transformation (1-3 and 4-5, respectively) and corresponding LOOCV validation plots. 
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Figure 6.6 Surface predictions resulting from the CK approach with- and without CLR transformation (1-3 and 4-5, respectively) and corresponding LOOCV validation plots. 
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6.5.2 Non-spatial model 

For the non-spatial model approaches (numerical models), the compositional LRM without 2-order 

interaction terms applied to the response variables yielded better results, according to both error-based and 

agreement-based metrics (Table 6.5). On the other hand, these results were similar to those of compositional 

RF, particularly for clay and sand fractions. In general, the use of the CoDa approach improve the predictions 

in the numerical models. 

 

Table 6.5 Evaluation metrics resulted from the non-spatial modelling approaches validated with LOOCV 

Modelling approach 

(Validation method: LOOCV) SPSF* 
Model evaluation metrics 

RMSE MAE NSE 

Model: Y-compositional LRM 

(ILR transformation; without 2-order interaction terms) 

Sand  4.12 3.37 0.94 

Silt  7.08 5.44 0.62 

Clay 7.00 5.02 0.46 

Model: Y-compositional LRM 

(ILR transformation; with 2-order interaction terms) 

Sand  4.88 3.35 0.91 

Silt  9.08 6.45 0.37 

Clay 8.93 6.16 0.13 

Model : Y-compositional RF 

(CLR transformation)  

Sand  4.28 2.91 0.93 

Silt  5.55 5.52 0.59 

Clay 7.13 5.27 0.44 

Model: Non-CoDa approach  

Simple LRM (univariate responses) 

 

Sand  7.10 5.35 0.81 

Silt  7.92 6.10 0.52 

Clay 7.36 5.33 0.41 

* SPSF: soil particle size fraction 

 

 

6.5.3 Soil texture classes – all models 

In general, soil texture classes obtained indirectly from the statistical models were similar for both the 

spatial and non-spatial models (Figure 6.7), except for EBKR, which differed in terms of the number of classes 

and the pattern display (non-linear) of the samples, assessed via the ternary diagram. The CK approach 

exhibited a similar distribution of soil properties in the ternary diagram (Figures 6.7f and 6.7g) to those of the 

non- spatial LRM fitted without 2nd order interaction terms (Figures 6.7b and 6.7d). 
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Figure 6.7 Observed Soil texture classes displayed in the USDA ternary and the resulting classes from both non-spatial (b-e) and spatial 

models (f-i). a: Observed (measured) data; b: LRM model, without log-ratio transformation and without interaction terms; c: LRM 

with ILR transformation and interaction terms; d: LRM with ILR transformation, without interaction terms; e: RF model with CLR 

transformation; f: CK model with CLR transformation; g: CK without CLR transformation; h: EBKR model with CLR transformation; 

i: EBKR without CLR transformation. 

 

6.6 Discussion 

Exploratory analysis showed dissimilarity in lieu of similarity in the data concerning spatial structure of 

the response variables and covariates in light of the negative GMI values. The semi-variograms could be 

considered as a dissimilarity function as the variance of the difference between pairs of observations increases 

with distance. A dispersed spatial pattern often reflects some type of repelling process between high and low 

values, which is consistent with soil PSF. For example, in this study, sand% ranges from 6-83.  

The sampling size and density might have impacted the GMI values that produced zero and negative 

values, since configurations of samples (i.e., gridded, random, and clustered) can affect the degree of 

autocorrelation in data. The lack of stationarity in the data may also be related to both density and configuration 

sampling. The lack of spatial correlation amongst soil PSF in this study also indicates a lack of spatial 

dependence, that is, observations are independent of one another. This does not violate the main assumption 

in traditional statistics. However, it conflicts with a core tenet of geostatistics concerning the first Tobler’s 

Law (spatial autocorrelation). In spite of that, it is worth noting that EBKR relies on classical statistics (i.e., 

LMM) in its regression part to perform the prediction. Furthermore, it appears that the second law of geography 
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(Goodchild's Second Law), which is a key of Kriging methods, holds due to spatial heterogeneity and the size 

of the study area (large area). 

Notwithstanding the geostatistical results, the spatial models fitted were useful for spatially estimating 

soil PSF at unmeasured sites and for capturing spatial structure at larger distances. Moreover, CK and EBKR 

rely on linear regression for making predictions or interpolation. Whilst regional scale is the geographical 

analysis unit of the study area, the incremental spatial autocorrelation indicated a scale for analysing and 

mapping clay at a smaller unit (large scale) based on the spatial processes revealed by the peaks for clustering. 

(Appendix C – Figure C6.5). The geostatistical exploratory analysis undertaken here was important for fitting 

the cross-semi variograms and performing the CK and EBKR models. Moreover, since trend was observed 

and autocorrelation was not detected, the rationale for fitting a spatial model was to model the influence of 

spatial patterns in the response variables. Furthermore, while non-stationarity is the characteristic of the 

measured soil PSF according to Voronoi maps, CK was employed to compare methods. From this, the main 

finding in this study is that CK was associated with observed data whereas EBKR was related to their 

neighbours used to fit the local models (subsets) being useful for surface predictions (interpolation). Again, it 

is worth noting the sampling configuration of the data (dispersed) that may have influenced the results. Would 

a more-dense grid lead to different interpretations? 

Regarding estimated values (PSF %), CK yielded better predictions for sand, silt, and clay than EBK 

regression, according to the NSE, RMSE and MAE metrics. From this, CK was a good model for predicting 

locally. Notwithstanding these results, it is important to note that the NSE values for CK substantially varied 

amongst PSF (e.g. 0.5-0.9) in comparison to more constant values from EBKR (e.g. 0.2-0.3). From the error 

diagnostics, EBKR exhibited more consistent plots for the predicted values and the standardised error as no 

pattern was observed in the graph for CoDa and non-CoDa approaches. Conversely, a pattern was noted only 

in the sand plot with CK model, associated with the predictor curvature (Appendix C – Figures C6.10-12). For 

clay, in terms of surface prediction (interpolation), CK yielded good result. This indicates that curvature has a 

nonlinear relationship and that the sand prediction might be biased with the CK model. In attempting to handle 

such a non-linearity, polynomial functions (cubic and 6-degrees) were applied over curvature for estimate sand 

Appendix C – Figure C6.13), however without success (Appendix C – Figure C6.14). Splines function were 

also employed, but they also were not efficient for addressing this.  

Second-order interaction terms were particularly important for estimating sand and silt with CK, whereas 

they were not good with the EBKR model (Table 6.4 and Appendix C – Figures C6.15 and C6.16). They were 

good for clay with both CK and EBKR. Although interactions led to a slight overfitting for sand estimates, 

they improved the model's diagnostics. Results indicated that anisotropy should not be considered when 

interactions terms are employed in the models. This was clear for silt surface predictions whose semi-

variograms were isotropic (no trend). This is an essential trade-off in spatial models, as interpolation is aimed.  

Curvature was the most frequent covariate present in the interactions for sand; curvature and alpha, for 

silt; and slope and alpha for clay. Alpha accounts for microwave information from the surface and vegetation. 

RVI was another radar-based covariate present in the interactions, which accounts for vegetation. These are 

important pointers since they are related to surface moisture and present in clay and silt models interactions. 
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Moreover, they are sensitive to moisture. Interestingly, the surface soil moisture (SSM) and aspect covariates 

showed spatial dependence (spatial autocorrelation), and EBKR and CK models captured it through the semi-

variograms. The spatial relationship between radar variables, soil moisture, and topography (relief conditions) 

was clear from the results, especially for clay whose surface prediction maps reflected these relationships.  

Concerning the map of surface predicted without interactions, the EBKR model was a better approach to 

capturing trends and patterns, particularly with CLR transformation, as the interpolated surface was similar to 

the Voronoi maps and neighbourhood analysis of the measured data. Cokriging is not optimal as it assumes 

stationarity. Empirical Bayesian Kriging (EBK) is useful for dealing with non-stationarity as it performs 

Kriging geographically apart to capture underlying processes in different spaces, treating local variance 

separately in lieu of global variance. From this, EBKR appears to capture the pattern and trend of the response 

variables at small scale (larger areas), since it predicts locally by modelling each semi-variogram for each 

subset. This finding is consistent with Wadoux et al (2020) who also found that the Bayesian calibration 

enabled to capture model input, initial state, parameter and structural uncertainty at a river basin scale in 

Switzerland. EBKR also deals with non-stationarity, which is an intrinsic characteristic in agricultural areas 

due to the complex variability of the soil properties (Gribov and Krivoruchko, 2020). Moreover, one way to 

deal with the bias-variance (or accuracy-precision) trade-off is to use mixture models, which is the case of the 

EBKR model on its regression stage. 

In terms of the comparison between the predicted (interpolated) and observed (in situ) data, the spatial 

models were useful for predicting clay, which did not occur with the non-spatial models in terms of [numerical] 

estimates. It would appear that the spatial models captured some relationship between clay and the predictors 

employed. This might be related to the fact that spatial modelling seeks to find and interpret spatial 

relationships, patterns, trends, and variations within a geographical area. This was noticed in this study as 

results from the exploratory analysis indicated patterns and trends in the response variables. Furthermore, clay 

was the only fraction to show autocorrelation over relatively short distances – a minimum of 7.5 km. The 

models also seemly capture that. 

Regarding soil texture (categorical), CK was more consistent with the observed classes in the USDA 

ternary as CK yielded better estimates in terms of PSF% than EBKR. Ternary diagrams are a function of 

numerical values of the parts (compositions). Unlike soil PSF, the CoDa approach had no impact on soil texture 

since the classes obtained indirectly by numerical models (inferences) were similar with and without log-ratio 

transformation applied to the soil fractions. Hence, unlike PSF (continuous), the compositional nature of the 

response variables is not an issue when dealing with soil texture (categorical). 

The CoDa approach may be important for digital soil mapping because the sum of the soil PSF is equal to 

100% with that technique. Nonetheless, results showed that treating soil texture as compositional data was not 

worthwhile for the estimates in the spatial models as it did not lead to any substantial improvement in terms 

of numerical PSF content %, except for the interpolated surface (spatial predictions). Conversely, the CoDa 

approach resulted in more significant findings in the non-spatial models. Amirian-Chakan et al. (2019) also 

achieved such finding in their study to investigate the effect of soil texture on the spatial estimation of available 
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soil water capacity and the total amount of irrigation water using log-ratio transformations methods (ALR, 

CLR, ILR). They observed that no significant difference between transformation method in the estimates.  

Notwithstanding the findings in the spatial model with CoDa, since there was no effect of it in the models, 

such an approach is important for soil PSF to guarantee the component unit (i.e. sum equal to 100%) in a 

predicted sample.  

 

6.6.1 Strengths and limitations of the work 

This  work demonstrated the relevance of comparing two contrasting modelling approaches for estimating 

soil PSF – more statistical-based (non-spatial models) and more geographical-based (spatial models) – 

providing a general basis for mapping soil PSF and soil texture, particularly in Ireland.  

Another highlight regarding the potential relevance of this study to soil properties mapping builds upon 

the fact that the models indicated soil particle size estimation as more spatial pattern processes-based rather 

than spatial autocorrelation processes, following the spatial configuration of the measured data used. 

Nevertheless, this work is not without limitations. One caveat is related to the interplay between sample 

size and area size under investigation for conducting a geostatistical approach as this type of analysis is reliant 

on a grid configuration. A second limitation is the lack of the dielectric constant of the soil as a covariate in 

the models, which could be useful to understand the interactions between sand-silt-clay and SAR signal 

through backscattering coefficients (𝜎  𝑉𝑉
0  and 𝜎  𝑉𝐻

0 ) due to interstice water content into soils, thereby 

improving the results in the modelling approaches.   

 

6.7 Conclusion 

The findings demonstrate the relevance of considering the geographical location (spatial condition) and 

the compositional nature of soil texture in both statistical modelling approaches because of the constraint sum 

of the parts (sand, silt, and clay), which may provide the basis for performing digital soil mapping of soil 

texture. Due to the complex nature of spatial information, a spatial inductive bias, which inherently occurs as 

a result of a certain type of spatial structure present in the data such as spatial heterogeneity and spatial 

autocorrelation (collinearity), is incorporated into spatial model's realms. It is thereby important to know the 

foundation and formulae behind them to choose the proper approach for an application. 

The explicitly spatial models did not outperform the non-spatial models in estimating soil PSF in terms of 

numerical estimates. On the other hand, when seeking surface predictions, EBKR provided good results for 

soil PSF mapping, particularly regionally (small scale), while CK was better for local estimates. Concerning 

clay fraction, both the spatial models here evaluated were found to be good approaches for surface prediction. 

Moreover, spatial direction should be considered with caution in semi-variograms when interaction terms 

between covariates are employed.  

Since tree-based models do not rely on any prior assumptions, notwithstanding a black-box modelling 

approach, their spatial approaches such as the spatial Random Forest could be employed to estimate PSF, with 

the covariates used here, to deal with linearity to improve surface predictions. Bearing in mind the trade-off 

between model evaluation metrics and model diagnostics. In relation to non-spatial approaches, when 
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interactions between variables matter in a study for estimating PSF, the RF model could be employed (Chapter 

4).  

Regarding the effects of location and neighbourhood in the models, in light of the sample configuration, 

autocorrelation could not be detected in the semi-variograms at short distances. Neighbourhood was hence 

measured as a dissimilarity function, which was observed in the surface prediction obtained from the CK and 

EBKR models and in the trend analysis. 

Radar-based covariates and topography-based covariates can be employed in prediction models to 

estimate topsoil PSF as relief conditions may account for roughness surface in radar signals to a certain extent.   

Concerning the presented research approach, this work addressed elements from the interconnected 

knowledge fields of soil, geomorphology, remote sensing, and geographical information systems.  For 

example, with the aid of topographical covariates, this work stressed the role of process-based analysis rather 

than pedogenesis of topsoil (regarding both soil grainsize fractions estimation and soil texture prediction), 

particularly because relief conditions influence remote sensing imagery. Regarding statistical modelling 

approaches for estimating soil properties, depending on the research purposes and the research questions and 

whether geographical location matters, researchers can decide between a spatial/geostatistical and a non-spatial 

modelling approach. Importantly, this work provides a methodological framework to inform the design of 

costly and labour intensive in situ soil surveys (areas of large uncertainty estimates in the models are those 

areas that may require detailed soil surveys). It also provides a means to estimate soil properties over large 

spatial areas and generate new data products for use in hydrological, land surface (e.g. Noah LSM models), 

climate and other model- based approaches that currently employ coarse global scale soil texture products. The 

methods outlined here are also relevant to locations where optical remotely sensed data is limited and/or where 

vegetation cover is present throughout the year. 

Thus, the main contribution of this chapter is that in case predicting soil textural classes is the aim of the 

research, the non-spatial model, especially using radar and geophysical covariates could be a better approach. 

Spatial models could be useful for obtaining the distribution of sand, silt, and clay estimates, and to indicate 

areas that may require detailed soil surveys. 
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CHAPTER 7 | DISCUSSION 

 

7.1 Introduction  

In addition to the results and findings, this chapter provides a discussion on the limitations of the data, 

models, and methods employed in this study; the role of geographical scales in the models and, consequently, 

for the estimates; and a brief discussion on the implications of big/open data from remote sensing to this 

research. 

 

7.2 Results and findings from the methods employed  

Although a discussion of the results and findings was presented in each of the three methodology chapters, 

this section aims to bind them to bring cohesiveness to the work. To achieve this, the research questions and 

objectives presented in the introductory part are here resumed with a discussion on how and to what extent 

they were met with the methods employed.   

 

▪ How effectively can SAR data be employed to retrieve particle size fractions over topsoil in areas like 

Ireland? 

Extensive areas of permanent vegetation (grassland) and a dominant climatic factor in which precipitation 

exceeds evaporation (O’Sullivan et al., 20180), leading to permanent soil moisture, affects radar backscattering 

due the dielectric constant and clayey soils (Dobson et al., 1981; Hallikainen et al., 1985; Jackson and 

Schmugge, 1989; Srivastava et al., 2006; Das & Paul, 2015). Such land use/land cover and climate context 

emerge as a challenge for employing SAR data in areas like Ireland, particularly for soil analysis. On the other 

hand, remote sensors can capture information from soils over agricultural fields, through the gaps between the 

crops. Such trade-off between climate and land cover factors thereby was beneficial for employing polarimetric 

decomposition method in this research to deal with vegetated topsoil. 

Concerning the evaluation of SAR data being employed to retrieve particle size fractions over topsoil in 

the study area, key findings from the modelling approaches highlighted that SAR data were unable to predict 

soil particle size fractions without the aid of covariates, since the models evaluated in this study did not identify 

their importance as main covariates (Chapter 4. DOI 10.1111/ejss.13414). Typically, cross polarisation (VH) 

measurements are significantly lower than the co-polarisation (VV) (Ulaby et al., 1978; Ulaby et al., 1979; 

Sano et al., 2020), and this was observed over the study area wherein the VV intensity values (σ0) ranged from 

0.01 to 0.31, whereas for VH polarisation the backscatter coefficient varied between 0.02 and 0.07 (Chapter 4. 

DOI 10.1111/ejss.13414). In relation to the topography covariates being identified as important predictors and 

machine learning models (e.g. RF) not performing well in some situations, these general findings are consistent 

with Schönbrodt-Stitt et al. (2021) and Mirzaeitalarposhti et al. (2022), who also applied Sentinel-1 data and 

topography covariates to estimate soil particle-size fractions and soil moisture (Chapter 4. DOI 

10.1111/ejss.13414).  
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Nonetheless, in light of the challenging environmental setting for the use of optical remote sensing and 

having soil permanently covered by vegetation, some strategies can be highlighted to predict soil PSF from 

Sentinel 1-SAR (Chapter 4. DOI 10.1111/ejss.13414): 

(i) The linear model (compositional Y-LRM), without 2nd-order interaction terms, was found to be the 

optimum approach; where it is necessary to consider interactions between variables, the RF approach should 

be employed. 

(ii) To obtain the soil textural classes from the estimates of PSF (sand%, silt %, clay%) – instead of 

predicting the classes using a classification method – the compositional Y-LRM with interaction terms applied 

to the covariates is useful as the classes were more consistent with the ternary diagram of the measured data 

than those obtained without interaction. This finding may be useful for subsequent use in models, which require 

soil textural class and not soil textural components (i.e. sand, silt, and clay individually). 

 (iii) LOOCV is a better validation method over randomly splitting data for dealing with small sampling 

size (e.g. n=235).  

 (iv) Employing geophysical data with SAR data did not improve the model estimates of soil particle 

fractions; the inclusion of geophysical covariates resulted in poor model estimates. However, the use of 

geophysical data was found to result in soil textural classes that better matched the textural classes derived 

from the measured data. 

These findings are consistent with Niang et al. (2014), in their study in Rouville County, near Montreal, 

Canada, who concluded that using SAR polarimetric data extracted from a RADARSAT-2 image as covariates 

(monopolarization SAR channels and the alpha/entropy/anisotropy/ polarimetric parameters extracted from 

polarimetric decomposition methods) was useful for digital mapping of soil surface texture in Rouville area. 

 

▪ Is there a correlation between the backscattering coefficient and sand, silt, and clay fractions?  

According to the findings from Chapter 4, no linear or direct relationships were found between the 

backscattering coefficients (σ0
VV, σ0

VH) and the soil particle size fractions in the models evaluated. 

Notwithstanding the CoDa log-transformations slightly improved the correlation coefficients, but the values 

remained low. This is consistent with Gorrab et al. (2015) who argue that soil texture has only a very limited 

influence on radar signals, and is difficult to directly retrieve one component of soil texture (e.g., clay) from 

such data. 

Despite their low importance, the VV and VH covariates (i.e. backscattering of σ0
VV and σ0

VH) were found 

to be related to sand, silt, and clay in the compositional linear regression models. For example, it was observed 

an increase in VV resulting in a decrease in the clay estimate and an increase on sand; an increase in VH led 

to an increase in the clay estimate. Such findings are aligned with some results from the literature reviewed, 

such as in Han et al. (2017) who found a weak correlation in a study investigating the association between 

radar backscatter – using UAVSAR data – and in situ soil property measurements on an approximately 3 km 

long section of earthen levees along the lower Mississippi river (riverside and landside). While UAVSAR is 

an aerial Earth Observation (EO) platform, Sentinel 1 is an orbital-based EO platform (about 700 km altitude) 

and thus more distant from the targets. This means a loss of energy equal to the power of 4 (Wolff, 2007) 
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according to the radar range equation (Figure 4.1). Notwithstanding that, the statistical behaviour between the 

backscattering coefficient and soil texture in both studies was found similar.  

Furthermore, Niang et al. (2014) found that using a nonlinear support vector regression provided the best 

prediction accuracy compared with the geostatistical interpolation techniques employed and the linearly 

dependent assumption, in their study for digital mapping of soil surface texture with RADARSAT-2. 

The possible reasons for a lack of a linear relationship between the backscattering coefficient and soil 

texture in this research are: (i) soil textural configuration that affects soil dielectric properties, regarding water-

holding capacity (Hallikainen et al., 1985; Das & Paul, 2015); (ii) pre-treatment stage of soil laboratory 

analysis wherein organic matter and moisture are removed from the soil samples, whose laboratory results may 

not be consistent with the signal backscattering informed in the SAR data; and (iii) the challenge of matching 

the date on which samples were collected in the field and Sentinel 1 was passing over the site to reflect 

environmental conditions and or land use/land cover; (iv) soil sampling design and pixel image size. Items (ii), 

(iii), and (iv) are more sensitive when dealing with legacy data. 

Moreover, in their study, Gorrab et al. (2015) found a relationship between the measured decrease in 

intensity of backscattered radar signals and the fraction of clay present in the soil, with radar data acquired 

during rainfall months. A similar tendency was also noticed in this research for clay content between 40% - 

60% under the meteorological conditions for Sentinel-1 image acquired (6 days of no rainfall before the 

acquisition date on the 3rd of April 2021 and the rainfall for the preceding month of March was below the 

long-term average). That is, the backscattering coefficient slightly decreased when the content of clay became 

higher. The results here may be influenced by the presence of soil moisture, as precipitation exceeds 

evaporation in Ireland (O’Sullivan et al. 2018), and the relation between free water (sandy soils) and bound 

water in soils (clayey soils) (Dobson et al., 1981; Jackson and Schmugge, 1989; Srivastava et al., 2006; Das 

& Paul, 2015), since soils having predominately clay-sized particles retain a much higher volume of water as 

a result of the predominance of micro-pores (Gorrab et al., 2015). These factors affect radar backscattering as 

a function of soil texture as highlighted in Chapter 2.  Furthermore, goodness of fit metrics were found to vary 

depending on the soil fraction. This denotes the complexity of soil texture for statistical modelling due to the 

magnitude (size) of the soil fractions and the mineral constitution, as well as the reliance of the signal intensity 

from the SAR beam on how clayey or sandy the soil is (Chapter 4, DOI 10.1111/ejss.13414). 

 

▪ To what extent can polarimetric decomposition predict soil particle size fractions? Can surface 

scattering ameliorate vegetation cover issues for soil particle size estimation?  

The calculated Alpha values indicate that the study area is mostly represented by volume scattering 

mechanisms indicating an occurrence of vegetation, consistent with the land cover conditions found on the 

Sentinel-1 image acquisition date. H-alpha dual pol-decomposition was found to be useful to separate the SAR 

backscattering from vegetation and soil in terms of surface and volume scattering in the study area, as 

demonstrated in Chapter 5 (DOI 10.1016/j.jag.103742), when compared to Sentinel-2 imagery. Thus, the H-

alpha Dual-Pol Decomposition method provided, to a certain extent, surface scattering over low vegetation, 
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which may indicate underlying soil, despite using a C-band radar, which has a lower ability than an L-band 

radar to penetrate (low)vegetation and reach the soil (Babaeian et al., 2019).  

Salma et al. (2022) also found a match between the scattering shown on the H-α plane (from Sentinel-1) 

and field's backscattering when analysing the behaviour of the crop field with its growth, which means that 

dual-pol decomposition, to a certain extent, dealt with gap space between soil and plants on the crop fields.  

On the other hand, Ji and Wu (2015) observed that HH-HV and HV-VV SAR could not effectively separate 

surface, dipole, and multiple scattering mechanisms due to the lack of co-polarization (HH-VV), indicating 

that co-polarization is vital for extracting scattering mechanisms (Ji & Wu, 2015). They argue that the scatters 

of most zones strongly diffuse and transfer in the H-α plots for HH-HV and HV-VV SARs (Chapter 5. DOI 

10.1016/j.jag.103742).  

The surface scattering mechanism improved estimates in the models in this research, nevertheless, under 

low magnitude. One possible reason for this may relate to the fact that the polarimetric decomposition method 

employed is an adaptation of the method originally developed for quad- or full polarisation. Hence, the lack of 

another co-polarisation (HH) and cross-polarisation (HV) in Sentinel-1, mainly HH, somewhat limited the 

target decomposition. The results reflected the dual-pol S1 limitation, highlighted in the literature, to derive 

alpha values for surface scattering retrieval under vegetated soil. A second potential reason is owing to the 

lack of the dielectric constant of the soil in the modelling approaches, which could be useful to analyse and 

exploit the relationship between sand-silt-clay and the microwave backscattering coefficients (𝜎  𝑉𝐻
0  and 𝜎  𝑉𝐻

0 ), 

delving deeper into the physical scattering properties and physical soil properties.  

Notwithstanding the caveats raised by Ji and Wu (2015) and Mascolo et al. (2021), dual-pol 

decomposition has been employed, for example, for feature identification, for classification and for biophysical 

parameter estimation (Chapter 5. DOI 10.1016/j.jag.103742). For example, Harfenmeister et al. (2021) 

identified alpha, entropy and anisotropy as important inputs in their model, in their study of crop growth 

monitoring with Sentinel 1 in Northeast Germany. Moreover, Suman (2022) concluded that decomposition 

parameters were more meaningful to forest structure and feature identification than biomass information, in 

their study on land feature detection and biomass estimation over tropical deciduous forest in India, using 

ALOS-PALSAR. 

 

▪ What is the effect of treating soil particle size as compositional data into the models? 

Chapter 4 demonstrated that, based on the results from the prediction models, it was worthwhile to 

explicitly treat soil PSF as compositional data in the statistical analysis and the models, for the non-spatial 

modelling approach. This is consistent with the findings of Loosvelt et al. (2013) and Chappell et al. (2019). 

Results from Chapter 4 also demonstrated that the compositional linear model slightly outperformed the tree-

based model.  

Conversely, from the spatial modelling approach, results showed that treating soil PSF as compositional 

did not improve the model estimates. Amirian-Chakan et al. (2019) highlight similar findings in their study to 

investigate the effect of soil texture on the spatial estimation of available soil water capacity and the total 

amount of irrigation water using log-ratio transformations methods (alr, clr, ilr). They observed that no 
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significant difference was found between transformation methods in the estimates. The compositional data 

approach has increasingly been employed to estimate soil particle size fractions in explicitly spatial models, 

as demonstrated by Odeh et al. (2003), Wang and Shi (2017), Wang and Shi (2018), and Zhang and Shi (2019).  

Notwithstanding the findings in the spatial model with CoDa, since there was no effect of it in the models, 

such an approach is important for soil PSF to guarantee the component unit (i.e. sum equal to 100%) in a 

predicted sample. Thus, considering a geo-spatial perspective in the modelling approaches, including 

compositional formulation might be a useful approach to correctly estimating statistical parameters. 

 

▪ Can soil texture classes be indirectly obtained from the quantitatively predictive models?  

From the non-spatial models (Chapter 4), it was found that soil textural classes can be obtained from the 

estimates of sand (%), silt (%), and clay (%) using a regression model. This was observed with the 

compositional Y-LRM with geophysical covariates and interaction terms applied to the covariates since the 

soil textural classes modelled were more consistent with the textural classes derived from the measured data. 

This may be due to the structure of this model that captured the relative contribution of each grain component 

(sand, silt, and clay) in the samples, following the intrinsic characteristic or principle of soil texture, and some 

relationship with the geophysical covariates. In the spatial models (Chapter 6), such a result was not observed.  

This finding is also likely due to the effect of soil texture on radiometric signals. Read et al (2018) found 

that gamma radiometric thorium (Th) and potassium (K) both had strong relationships with clay (%) and sand 

(%). Cattle et al. (2003) found that topsoils with high clay contents were distinguishable from sandy soils using 

radiometric Th and K. However, findings from this research require further exploration of the geophysical data 

and soil PSF, since such covariates contributed to obtaining more consistent classes (soil texture; categorical) 

rather than estimates (soil PSF % ; continuous or numerical) in the regression models with interactions terms 

(Chapter 4, DOI 10.1111/ejss.13414).  

The caveat notwithstanding, this finding may be useful for subsequent use in models requiring soil textural 

class and not soil textural parts (i.e. sand, silt, and clay separately).  

 

▪ Should we employ spatial or non-spatial models to estimate soil grainsize fractions? What are the 

difference between them in terms of performance, accuracy and potential issues? 

Concerning the first part of this research question, the response relies on the work's purpose, as 

geographical location or geo-coordinates may not be crucial to achieving the aims and objectives of the 

phenomenon to be investigated or the problem to be solved. Thus, this research provided the basis for both 

contexts (geographical and non-geographical). 

Considering the first research scenario, results from the geostatistical exploratory analysis outlined in 

Chapter 6 indicate that, locally, the data sampling represents a non-stationary process, which is observed in 

the Voronoi diagrams depicting local variance and local variation (Appendix C – Figure C6.4). These results 

are consistent with Singh and Sarma (2023) who highlight that in soil properties the spatial correlation may 

vary across the region. This means that the second law of geography (spatial heterogeneity) was achieved, due 

to large area. 
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Despite Wang & Shi (2017) concluding that to improve spatial interpolation performance, a combination 

of geospatial methods and the use of ancillary variables is necessary, many of the traditional methods may not 

reflect the specific requirements of compositional data for interpolation; findings in Chapter 6 highlighted that 

the spatially explicit models did not outperform the non-spatial models in estimating soil PSF in terms of the 

model´s performance in light of the evaluation metrics. In general, non-spatial models yielded higher 

accuracies. Niang et al. (2014) also found that using a regression model (support vector regression-SVR) was 

better than the geostatistical interpolation techniques (ordinary kriging-OK, and regression kriging) employed 

in their study for digital mapping of soil surface texture with RADARSAT-2 in Canada. Their results showed 

that SVR produced the best prediction accuracy, since RMSE values were reduced by 18% for sand, 17% for 

silt, and 35% for clay, leading to an improvement of the digital mapping. 

Here, the spatial cokriging exhibited a quasi-similar accuracy to that of the non-spatial models. Further, 

while non-spatial models were better for sand estimates, the spatial approaches showed better estimates for 

clay. On the other hand, when seeking surface predictions (interpolation), EBKR provided good results for soil 

PSF mapping, particularly regionally (small scale), while CK was better for local estimates. The EBKR model 

was a better approach to capturing trends and patterns, particularly with CLR transformation, as the 

interpolated surface was similar to the Voronoi maps and neighbourhood analysis of the measured data. 

Cokriging is not optimal as it assumes stationarity. Wadoux et al (2020) also found that the Bayesian 

calibration captured initial state, parameter and structural uncertainty at a river basin scale in Switzerland. 

EBKR also deals with non-stationarity, which is an intrinsic characteristic in agricultural areas due to the 

complex variability of the soil properties (Gribov and Krivoruchko, 2020). A general issue is related to the 

relatively small sample size to train and test both modelling approaches, whereas the non-statistically 

randomness of the soil survey data (“free sampling”) could be an issue for the spatial models.   

 

▪ To what extent or under what environmental conditions can the method be reproduced in another 

study area? 

Addressing this research question is twofold, centred on the statistical modelling approaches and the 

remote sensing. Regarding the former, the methods used in the non-spatial models for estimating soil particle 

size fractions and predicting soil texture in the topsoil can be employed in areas other than Ireland. The 

strategies highlighted to predict soil PSF from Sentinel 1-SAR with non-spatial models, from Chapter 4, can 

also be applied to aid this endeavour.  

The spatial modelling framework can also be replicated in other areas provided that parametrisation is 

tailored according to the size of the area under investigation and the geographical/cartographical scale, as well 

as exploratory geostatistical analysis being carried out. As geographical coordinates matter, spatial models 

usually differentiate behaviours, patterns, trends, and predictions according to spatial locations. This is 

especially valid when dealing with variograms. Further, the methods here employed can be used to create soil 

texture maps at field scale (greater cartographical scale) – provided that there is more highly spatially resolved 

data available – and larger areas (smaller cartographical scale). EBKR model is an option to account for non-

stationarity in the variables. Instead of fitting a single model to the entire data, it uses local models to capture 
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small-scale effects over larger areas. Therefore, combining the local surfaces together to get the final surface 

this method can generate soil PSF/soil texture maps at both greater- and smaller scales.  

Geophysical data were not good predictors for estimating PSF in topsoil. However, the use of geophysical 

covariates resulted in improved estimates of the soil textural classes. Electromagnetic, magnetic and 

radiometric signals may be more related to deeper soil layers, due to their relationship with the underlying 

rock, while topsoil may be influenced by topography conditions such as slope and curvature in terms of 

surficial materials deposits (geomorphological process) (Chapter 4, DOI 10.1111/ejss.13414). The study 

region investigated, as an extensive landscape, is relatively heterogeneous concerning these geomorphological 

variables. Interpretation of radiometric data where parent materials of transported sediments have different 

origins is more challenging, which suggests a natural limit on soil textural interpretation of soil radiometric 

data (Read et al. 2018; Wilford et al., 1997). The findings from this research highlight the need for further 

investigation of radiometric data and soil properties in the study region (Chapter 4, DOI 10.1111/ejss.13414). 

From a remote sensing standpoint, the method employed for dealing with vegetated soil, using Sentinel-

1, can also be applied to areas other than of this research. Due to the physical properties targeted by remote 

sensing techniques and the size of the study area, only cautions concerning pre-processing SAR data, such as 

speckle filter, window size, co-registration, and calibration are required. Terrain derivatives from (finer) digital 

elevation models (DEM) may relate to physical processes in soil that are of great of importance for SAR. 

Further, when geomorphological conditions vary significantly (from flatter to mountainous relief), gamma 

naught (Small, 2011) is recommend as calibration method for the backscattering coefficient, as demonstrated 

in Navacchi et al. (2023).  

It is also worth noting that, in case the objective of the research is an explanation of the underlying soil 

process, apart from seeking pattern detection/prediction, it is worthwhile considering variables related to soil 

forming factors from the CLORPT2 model (Jenny, 1941) and the SCORPAN3 model (McBratney et al., 2003) 

for non-spatial and spatial modelling approaches, respectively.  

 

7.3 Limitations of the data, models, and methods employed in this study  

Apart from informing treatment for data, models, and methods, the subsequent topics in this chapter are 

also useful to provide an understanding of uncertainty in the estimates, or to a certain extent, to justify them. 

 

7.3.1 Concerning field data from the soil legacy surveys 

It was important to look up information in reports, field spreadsheets, and metadata accompanying the 

legacy survey. Reusing data from different soil surveys usually means dealing with surveys being carried out 

with different soil sampling methods at variable soil layers/horizons, and varied laboratory analysis methods 

employed to obtain proportions of sand, silt, and clay fractions – they lack a common standardisation. Such 

issues are more problematic when dealing with deeper soil layers. In the topsoil case, the limitation of 

commonly available soil data for remote sensing application is related to the pre-treatment stage where organic 

 
2 Climate, Organisms, Parent Material, Time and Topography. 
3 Soil (s), climate (c), organisms (o), relief (r), parent material (p), age (a), and spatial location (n). 



 

156 

 

matter and moisture are removed from the soil samples and whose laboratory results may therefore not be 

consistent with the signal backscattering informed in the SAR data – for the case of a satellite passing over at 

the same date of the field survey. Soil sampling methods differed between spade (e.g. LUCAS) and auger (e.g. 

LUCAS, SoilC-2008, SIS-Teagasc), whilst laboratory analysis methods varied from the pipette (SoilC2008, 

SIS-Teagasc) and laser diffraction (LUCAS). Notwithstanding, Fernández-Ugalde et al. (2020) demonstrated 

that the spade and gouge auger methods produced similar results for all soil properties with the LUCAS topsoil 

dataset, and concluded that, in general, the relation and average magnitude of the differences for clay, silt, and 

sand contents between the two sampling methods were satisfactory. Thus, despite differences in methods, they 

are consistent in considering topsoil only for the C-band SAR application in this research. Moreover, the use 

of Sentinel-1 data acquired in drier meteorological conditions (both on date and prior passage of satellite over 

the study area) justifies the image’s date selected for this research. 

 

7.3.2 Concerning Sentinel-1 data 

Typically, in remote sensing, it is known that variability of environmental and terrain conditions influence 

both proximal and remote sensors due to weather and/or meteorological aspects. Since object(s) are located 

far away from the sensor, approximately 800 km, the target’s Signal-to-Noise-Ratio (SNR) might be equal to 

1. Concerning the total of observations (n= 235) used in the models fitted in this thesis, that is, 235 pixels, the 

average of SNR ratio in the image corresponding to VH polarisation is 0.8 with the preprocessing methods 

employed in this study, whereas this ratio is equal to 0.6 for VV polarisation.  

Sentinel-1 is a C-band SAR operating with dual polarisation (VV and VH), which poses some limitations. 

Definition of geometry of surface in microwave remote sensing is a function of SAR wavelength. SAR is 

sensitive to roughness, but the definition of a rough or a smooth surface varies according to the use of a C, L 

or X band, for example. Water content may change the spectral fingerprint or backscattering, while surface 

roughness may lower the reflectance values due to micro shading (Ogen et al., 2022) that can be detected or 

not depending on the radar band. Polarisation is another limitation for better target distinction or scattering 

mechanism separation in a pixel when working with Sentinel 1 data. A major limitation, in terms of decision 

on datasets, was the use of a single sensor and a single satellite imagery at a specific date to be applied in a 

single study area, notwithstanding the use of a time series of Sentinel 1 satellite images or a comparison of 

different SAR platforms (and wavelengths) and locations in Ireland might lead to an enhancement of the work. 

Such procedures would have also been useful for results validation and demonstrating reproducibility. 

Even when employing SAR with longer wavelengths, data and methods are not without limitations. 

Gorrab et al. (2015) identified the number of neighbouring pixels needed to minimize the effects of local terrain 

heterogeneities and speckle in the radar signals when employing a X-band radar (TerraSAR-X), by suggesting 

a small number (i.e., 3x3). Ultimately, notwithstanding the experiments being designed in bare soils, Gorrab 

et al. (2015) concluded that it should also be possible to implement the proposed algorithm on surfaces with 

vegetation cover. They also conclude that the approach could also be applied to Sentinel-1 data. 

As Gorrab et al. (2015) highlight, soil texture has only a very limited influence on radar signals; therefore, 

it is difficult to directly retrieve one component of soil texture from such data. Direct determination of soil 
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texture through SAR images is a difficult task because its textural configuration as compositional data poses a 

change in soil dielectric properties, regarding its water-holding capacity (Hallikainen et al., 1985; Das & Paul, 

2015). As a result, environmental and topographical covariates are needed for making predictions. 

A limitation of dealing with soil legacy data (field data) together with remote sensing data is also pointed 

out in terms of the challenge of matching the date on which samples were collected in the field and Sentinel-1 

was passing over the site to reflect environmental conditions and or land use/land cover. Therefore, looking 

up technical and methodological information in metadata from both datasets was the procedure taken in this 

study to alleviate such limitations. 

 

7.3.3 Concerning models 

Despite this research employing different statistical models in terms of their structure/nature (traditional 

statistics and geostatistical) and methods (linear model, machine learning or tree-based models, and semi-

variogram-based models), the research is not without limitations on this matter. 

The primary limitation relates to the number of observations (field sampling from the soil legacy dataset) 

used to train and test the models as well as the sampling design and/or spatial distribution of samples available 

for the study area. The criteria used to select samples were that they needed to be consistent with the capability 

of the C-band SAR signal to reach and interact with the soil, such as shallow topsoil (15 cm depth), and that 

the surveys addressed the analysis of soil particle size fractions. In turn, these pre-selection procedures resulted 

in a relatively small sample size in light of the study area size (i.e. low density of points) and in a sparse and 

randomly samples distribution (i.e., not centred-gridded). The sampling design is important as it affects map 

accuracy owing to the number spatial observations used to calibrate a model for spatial prediction (Wadoux, 

2019). In geostatistical methods, the strength of determined autocorrelation depends on the density and pattern 

of sampling, and on the variogram characteristics (Brus & Gruijter, 1997). Autocorrelation should be strong 

to increase the efficiency (Brus & Gruijter, 1997). On the other hand, soil sampling is costly and labour 

intensive activity at large areas (small scale). Notwithstanding that, the dataset subset accounted for the 

heterogeneity of the study area as depicted by the geostatistical methods used. The sampling strategy for the 

training data set is essential to cover the heterogeneity of the phenomena of interest, while also bringing 

efficiency because collecting spatial samples is an expensive undertaking. (Nikparvar &Thill, 2021).  

Second, regarding both spatial and non-spatial models, while linear models have statistical assumptions 

to be maintained, which somewhat cause stability in the results, machine learning methods such as random 

forests rely upon optimisation of tuning that governs the variables from the bootstrapped data to randomly 

grow each tree, which at certain extent poses a randomness effect in the models. Typically, statistical modelling 

algorithms for digital soil mapping, particularly machine learning-based, are mostly able to make accurate 

predictions rather than to get better understanding of mechanistic soil processes (Wadoux et al., 2019; 2020b). 

Furthermore, spatial data have distinctive properties that separated them from non-spatial data, such as spatial 

dependence, spatial heterogeneity, and scale (Nikparvar & Thill, 2021), with the latter playing a pivotal role 

in framing the model. Therefore, this research addressed this limitation by demonstrating similarities and 

differences in results from the modelling approaches.  
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Third, the accuracy-precision (bias-variance) trade-off, that is, accuracy (and bias) can be improved by 

selecting local information, whereas precision (and variance) can be achieved by selecting information from a 

comparatively larger space. One way of resolving the trade-off is to use mixture models (Ting et al., 2011), as 

in the EBKR model approach that combines linear model and kriging. Errors can come from different 

measurements reflecting spatial-temporal environmental conditions, such as in laboratory, field, and 

spaceborne. Sources such as pixel and objects can also cause errors (Ogen et al., 2022). On the other hand, this 

is compensated by the fact that the study area in this PhD research encompasses the central portion of Ireland 

from E-W coast, representing approximately 24,989 km2 and covering variation in terms of physical factors 

such as climate patterns, lithology and soil types occurring in the country. This means that the models can be 

extended to other parts of Ireland, such as north and south. It is worth noting that heterogeneity of soil grainsize 

fractions was observed by the geostatistical analysis. 
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CHAPTER 8 | CONCLUSION 

 
8.1 Introduction 

This Chapter commences by informing how this study has advanced the science for soil mapping. It also 

provides suggestions and directions for future research and how might the approaches developed assist in the 

design of future soil sampling surveys – in Ireland or elsewhere. Finally, this chapter highlights the societal 

relevance and impact of the research beyond the scholarly audience, for example, for soil policy. 

 

8.2 How this study has advanced the research for Geography and soil science  

This research was undertaken by addressing frontier topics in Physical Geography such as soil mapping, 

remote sensing, and spatial analysis on emerging themes/concepts (statistical machine learning, compositional 

data analysis-CoDa), thus, outcomes of this work has a broader audience and potential impact. From the 

experiences learned by conducting this research, this work also addressed epistemological topics and raised 

questions of relevance to Geography as a discipline and science. 

In the context of soil science, Chapter 4 developed a framework to estimate soil particle size fractions and 

predict soil texture classes with non-spatial models. A methodological workflow depicting the data, the 

processing steps performed for the SAR Sentinel-1, and the modelling approaches is outlined. Chapter 6 

provides a methodological framework to inform the design of in situ soil surveys for areas of large uncertainty 

estimates in the models and provides a means to estimate soil properties over large spatial areas and generate 

new data products for use in other model-based approaches that require soil texture products. Further, 

depending on the research purposes and the research questions and whether geographical coordinates matter, 

a researcher can decide between a spatial/geostatistical and a non-spatial modelling approach for estimating 

soil properties. This work also offered insights into the decision making required to consider (or not consider) 

soil grainsize and soil texture as compositional data in the models, given their intrinsic compositional nature 

commonly demonstrated in soil ternary diagrams. Hence, the option of incorporating pedological knowledge 

in both spatial and non-spatial models. 

In the context of soil geography or soilscapes, this work is focused on topsoil, and hence focused on 

process in lieu of genesis (i.e. soil forming factors), which is different from the well-known CLORPT model 

(Jenny, 1941) and SCORPAN model (McBratney et al., 2003) for non-spatial and spatial modelling 

approaches, respectively. This is justified by the radar signal from a C-band SAR being restricted to a shallower 

surface layer, hence, having candidate covariates that influence remote sensing imagery, such as surface 

moisture and topographical conditions since they account for physical processes in soil for multi-scale 

variation. Therefore, after testing the approaches presented here, this work indicated a simpler model for both 

modelling approaches for the sake of interpretability of the model, similar in Wadoux et al. (2021) with regards 

to parsimony of models to handle the reality for the objective of research (i.e. explanation of the underlying 

soil process or pattern detection/prediction). 

Concerning the remote sensing aspect, this research extended the application of remote sensing data, 

especially from Sentinel-1 and Sentinel-2, to soil texture prediction. This topic will be of significant interest 
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to the agri-SAR community, since remote sensing usually provides more rapid monitoring of environmental 

processes than a traditional field survey. From Chapter 5, the analysis and findings are a starting point to the 

use of radar polarimetry for studying the physical properties of soils, which contribute to a pivotal advancement 

in this subject. Further, the methods outlined here are also relevant to locations where optical remotely sensed 

data is limited and/or where vegetation cover is present throughout the year, addressing a significant gap in the 

existing literature. Therefore, underpinned by the research questions and driven by the objectives outlined, this 

PhD research fostered the employment of microwave remote sensing to soil analysis and predictions, especially 

soil grainsize and soil texture. 

Within the Irish context, in addition to addressing a significant gap in the existing literature, this research 

sought to address a lack of studies that employ SAR data to estimate soil particle size fractions and prediction 

of soil texture classes. 

 

8.3 Potential areas and approaches for future research 

The exploratory assessment of the methods carried out in this work provides a robust basis for the 

development of other case studies to augment the accuracy of soil particle size fractions estimates and soil 

texture prediction over low-and short vegetated areas, broadening the polarimetric decomposition technique 

traditionally applied for classification and segmentation of landscapes and for vegetation studies. The methods 

outlined here are also relevant to locations where optical remotely sensed data is limited (e.g. by 

climatic/meteorological conditions) and/or where vegetation cover is present throughout the year.  

Soil PSF and soil texture predictions with SAR techniques – may benefit from employing different 

backscattering coefficients – particularly gamma nought – other speckle filtering methods, cosine distributions, 

and soil-specific covariates related to SAR such as dielectric constant, soil roughness, and soil moisture. 

Moreover, a fully-pol H-alpha decomposition can be applied to an L-band SAR or even a dual-pol 

decomposition with a HH-VV SAR in order to compare the efficiency of the dual-pol decomposition method 

applied to a C-band SAR for soil PSF estimates.  

In light of the endeavour of the Sentinel satellite constellation and its benefits (e.g., free availability, 

temporal-radiometric-spatial resolutions, and orbit stability), fusing Sentinel 1 and Sentinel 2 products together 

with their data processing techniques may also be beneficial. For example, combining H-alpha dual-pol 

decomposition with spectral unmixing method (i.e. spectral mixture analysis using endmember values) to 

extract values to serve as input in a statistical model, as they are pixel-based analyses. The aim of the spectral 

unmixing method is approximately the same as that of target polarimetric decomposition. 

Regarding statistical modelling approaches for estimating soil properties, depending on the research 

purposes and the research questions, this study provided future works with a general basis for selecting a 

spatial/geostatistical or a non-spatial modelling approach. It also provides a means to estimate soil properties 

over large spatial areas and generate new data products for use in hydrological, land surface (e.g. Noah LSM 

models), climate and other model- based approaches that currently employ coarse global scale soil texture 

products.  
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8.4 Informing the design of future soil sampling surveys 

As shown previously, the discussion about the last research question – To what extent or under what 

environmental conditions can the method be used in another study area? – highlighted some suggestions for 

the replicability of the methods. The following paragraphs bring up other pointers to assist in the design of 

future soil sampling surveys. 

In the digital soil mapping context, the methods outlined in this study provided some directions for 

accounting for the requirements of compositional data such as soil texture. Moreover, regarding the laborious 

soil sampling associated with soil surveys, this work highlights the possibility of combining model based 

approaches with more limited in situ sampling methods for a sample size varying from 27 and 256 

observations, in a non-gridded sampling design (i.e. the distance between sampling points does not have to be 

kept at a constant).  

Applying a classical variance formula to sample data from a regular grid when employing geostatistical 

methods is not recommended since statistical and experimental bias may be introduced in the models (Brus & 

Gruijter, 1997), which, in turn, over-estimates the population variance and hence the classical estimation 

variance (Brus & Gruijter, 1997). Thus, this research informs directions for opting for either a model-based 

approach, as it describes processes on data, or a design-based approach that describes the population or the 

response variable itself. Considering that, in the former, the soil-forming process of a particular property in the 

study area is modelled as a stochastic process (Brus & Gruijter, 1997). Therefore, the approaches developed 

here could also assist in the design of future soil sampling surveys that focus on design-based soil sampling 

strategies (configuration of sample locations), since the spatial models rely on regionalised variables theory 

for interpolation in space. In this regard, also useful is the original work of McBratney and Webster (1983), in 

which they discuss how many observations are needed for regional estimation of soil properties. 

To conclude, as sampling is the basis of mapping, this work provides a methodological framework to 

inform the design of costly and labour-intensive in situ soil surveys (areas of large uncertainty estimates in the 

models are those areas that may require detailed soil surveys). This is of great importance since a rationale for 

new data collection is usually required, particularly for funding bodies (EPA, 2022). 

 

8.5 Wider societal relevance of the research  

Unless erosion occurs exposing top and deeper soil layers, soils are a less visible natural resource, as they 

are either mostly covered by vegetation, or sealed due to urban development and infrastructure construction, 

leading to impermeability. Occasionally, they are also a material that can be disposed of or placed somewhere 

for environmental remediation. In this context, this doctorate study highlights the importance of soils as a 

natural resource and supports the Sustainable Development Goals and the development of ongoing- and future 

soil policy at both the national (Ireland) and European level by demonstrating methodological alternatives to 

obtain soil particle size fractions and soil texture at local and regional geographic scales. For example, the non-

spatial modelling approach was useful to predict soil textural classes, whereas the spatial modelling approach 

can be used for estimating sand, silt, and clay fractions; moreover, using spatially estimates approach, areas of 

large uncertainty estimates in the models are those areas that may require detailed soil surveys. In turn, this 
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work has the potential opportunity to serve the public good in a way of deriving soil properties estimates 

through available resources (e.g., soil data legacy and satellite data) in the context of costly soil surveys, and 

providing additional information to guide decisions on soil policies. Particularly for the agri-sector in Ireland, 

as agriculture (including pasture and arable land) is the primary land use-land cover category in the country.  

Therefore, having measured soil data available is crucial to making informed decisions and fulfilling 

policies around efficient land use management, soil management and sustainable development, and soil spatial 

distribution maps are often preferred to point source information. (Gök & Gürbüz, 2020). The research here 

sought to bring together the available measured soil data for Ireland, providing a compiled national data set of 

soil data from different existing soil surveys. Further, mostly important, the compiled dataset addresses soil 

properties other than soil texture and soil PSF (e. g., chemical parameters, carbon content, moisture, bulk 

density, etc.), broadening the potential use and application of such data for different purposes.  

Furthermore, the trade-off amongst different levels of spatial scale of a soil property is another significant 

consideration as the demand for soil properties may range from local, regional, national or continental scales. 

For example, the demand for soils to sequester carbon applies ultimately at the global scale with management 

necessary at the national scale, however, soil information (and carbon sequestration) is supplied at a local scale 

by private ownership and management (O’Sullivan, Creamer & Schulte, 2018). In this context, this work 

provides a methodological framework to inform the design of in situ soil surveys for areas with large 

uncertainty estimates indicated by the models. In turn, estimates over small geographic scales or large areas 

would reciprocally benefit from the refined model. 

 

8.6 Policy relevance 

Notwithstanding awareness of the importance of soils for society at large, there is no specific or dedicated 

legislation on soils at the European Union and national levels, meaning that the existing soil policy is 

fragmented under environmental policies that indirectly approach soil protection (e.g. water, agriculture, 

forestry, waste, and chemicals) (EPA, 2022). Nevertheless, there is a monitoring framework currently 

undergoing at the EU level to make soil health monitoring obligatory, the ‘Soil Monitoring Law’, whose draft 

is currently under review by Member States. 

This research is also timely in light of the European and Irish policy initiatives for soils such as “A Soil 

Deal for Europe 2021-2030 (Mission Soil)”, the Soil Monitoring Law, and “A Signpost for Soil Policy in 

Ireland 2021-2030”. Rooted in research and innovation, the former aims to tackle societal challenges towards 

healthy soils by targeting two out of five mission areas related to soils (Adaptation to Climate Change and Soil 

Health and Food) (EN, 2024). One of the actions planned in the Mission Soil that is straightly related to this 

study is developing a harmonised framework for soil monitoring in Europe. The directive on soil monitoring 

and resilience stresses the importance of improved monitoring, development of remote sensing solutions and 

enhanced data collection for more details on the state of soils; and envisages enhanced access to soil data and 

information for land managers, policymakers and other stakeholders (European Commission, 2023). 

At national level, the research has direct relationship with the findings and highlights from the report A 

Signpost for Soil Policy in Ireland (EPA, 2022) under its three strands targets – Human Impacts, Soil 
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Characteristics, and New National Programs (particularly soil monitoring) – and potentially contributes to 

recommendations for soil policy. For example, the report points out a recommendation concerning sample size 

and data collected (4.2.4 Data Quality), data repeatability and reproducibility, generation of data (i.e. “new 

large datasets on Irish soils that can be mined by future studies to better understand trends, patterns and 

processes affecting Irish soils”. EPA, 2022:16), which were addressed in this thesis. One of the main issues 

currently encountered in Irish soil data is the uneven geographical coverage of data and the uneven soil 

properties currently analysed (i.e., focus on pH and nitrogen), notwithstanding soils have many other essential 

physical and chemical soil parameters. The compiled dataset from this PhD work can help to approach such 

issues by indicating areas that need more data and informing decisions on soil parameters to be analysed. This 

is important so that the national policy is aligned with the EU policy, particularly in terms of soil research 

themes targeted in both policies. In light of a compiled dataset, a recommendation that emerges from this PhD 

thesis is the use of sampling protocols for comparability and to facilitate data reuse. The contemporary aspect 

of this study concerning soil policy development for societal demands for healthy soil and soil data also 

dovetail with the EU Green Deal, Soil Fertility, Carbon Farming (national and EU levels). Concerning 

comparability and data reuse, an example is the Irish Soils Information System (SIS) project that developed 

comprehensive protocols for harmonising soil mapping in Europe, resulting in a comprehensive database of 

the soil types existing in Ireland with a national map of soil associations at a scale of 1:250,000. 
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Appendix A – Figures 

 
Figure A4.1 Land use and land cover categories for the study domain as derived from the CORINE Land Cover data (2018). 
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Figure A4.2 Precipitation registered in Dunsany for 2021 (top) and during the Sentinel 1 SAR imagery captured on early April/2021. 

Source: The Irish Meteorological Service. Met Éireann. Available at: https://www.met.ie/climate/available-data/historical-data 

https://www.met.ie/climate/available-data/historical-data
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Figure A4.3 Histograms of the response variables (untransformed and transformed; first three rows) and the predictor variables (last 

three rows). The coefficients ilr.1 and ilr.2 were obtained from the transformation of the proportions of sand, silt and clay. 
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Figure A4.4 Boxplots of the response variables (Sand, Silt and Clay; untransformed) and the predictor variables (remaining boxplots). 
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Figure A4.5 Ternary of soil texture (USDA/NCSS) for the observed data (measured, n = 235) in the study area. Eleven potential 

outliers (red dots) were identified in the compositional data according to the Atypicality Index (indicated in red). 

 

 

 
Figure A4.6 Correlations between the radar backscattering coefficients (VV, VH) and the soil particle-size fractions without log-

transformation methods applied to them. P refers to the p-value. 
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Figure A4.7 Correlations between the radar backscattering coefficients (VV, VH) and the soil particle-size fractions under olr-

coordinates (ilr log-transformation). P refers to p-value. 

 

 
Figure A4.8 Correlations between the radar backscattering coefficients (VV, VH) and the soil particle-size fractions with clr log-

transformation applied to them. P refers to p-value. 
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Figure A4.9 Compositional original samples (left) compared to the compositional fitted samples (right) in a ternary diagram. Note: 

inv.ilr.1=sand, inv.ilr.2=silt, and inv.ilr. 3=clay.  

 

 

 
Figure A4.10 The compositional coefficients of the Y-compositional linear regression model. Approach 1. Note: inv.ilr.1=sand, 

inv.ilr.2=silt, and inv.ilr. 3=clay. The covariates whose coefficients values are equal to 0.33 and 0.00-0.001 (Alpha, SSM, Altitude, 

Slope, Aspect, and Curvature) are superimposed on/closer to each other in the diagram. 
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Figure A4.11 Scatterplots and metric values from the test model with the simple linear regression without log-ratio transformation 

methods applied to the response variables. Validation method: Data split. Train 75% and test 25%. Reference line in the plots refers to 

the 1:1 agreement line. 
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Figure A4.12 Scatterplots and metric values from the Linear Regression model without log-ratio transformation methods applied to 

the response variables. Validation method: LOOCV. Reference line in the plots refers to the 1:1 agreement line.  Plots obtained from 

AgriMetSoft (2019). Available on: https://agrimetsoft.com/calculators/Nash%20Sutcliffe%20model%20Efficiency%20coefficient  

 

https://agrimetsoft.com/calculators/Nash%20Sutcliffe%20model%20Efficiency%20coefficient
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Figure A4.13 Boxplots of the geophysical variables. 

 

 

 
Figure A4.14 The compositional coefficients of the Y-compositional linear regression model. Approach 2. Note: inv.ilr.1=sand, 

inv.ilr.2=silt, and inv.ilr. 3=clay. 
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Figure A4.15 Importance of covariates used for predicting soil particle-size fractions (without geophysical data, model 1) according 

to impurity method, which is a measure of the variance of the responses for regression in Random Forest (Ranger package). 
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Figure A4.16 Importance of covariates used for predicting soil particle-size fractions (with geophysical data, model 2) according to 

impurity method, which is a measure of the variance of the responses for regression in Random Forest (Ranger package). 
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Appendix A – Tables 

 
Table A4.1 Convergence test for RF model. Parameter: Ntree.  

Model fitted with CLR transformation applied to the response variables (sand, silt, and clay) 

Ntree* MSE (OOB)* R squared (OOB)* 

10 0.08401456 = 0.08 0.7523555 = 0.75 

25 0.07589822 = 0.08 0.7762795 = 0.78 

40 0.06709056 = 0.07 0.8022413 = 0.80 

50 0.06282882 = 0.06 0.8148034 = 0.81 

100 0.06177383 = 0.06 0.8179131 = 0.82 

200 0.05952412 = 0.06 0.8245444 = 0.82 

300 0.0629968 = 0.06 0.8143082 = 0.81 

400 0.0632253 = 0.06  0.8136347 = 0.81 

500 0.06306809 = 0.06 0.8140981= 0.81 

600 0.06296497 = 0.06 0.814402 = 0.81 

700 0.06340646 = 0.06 0.8131007 = 0.81 

1000 0.0646994 = 0.06 0.8092896 = 0.81 

Table A4.2 Convergence test for RF model. Parameter: Mtry  

Model fitted with CLR transformation applied to the response variables (sand, silt, and clay) 

Mtry* MSE (OOB)* R squared (OOB)* 

1 0.163097 = 0.16 0.5192491 = 0.52 

2 0.09559036 = 0.10 0.7182342 = 0.72 

3 0.06306809 = 0.06 0.8140981 = 0.81 

4 0.04067339 = 0.04 0.8801096 = 0.88 

5 0.03312238 = 0.03 0.9023672 = 0.90 

6 0.02534686 = 0.03 0.9252866 = 0.93 

7 0.02268349 = 0.02 0.9331373 = 0.93 

8 0.01965665 = 0.02 0.9420593 = 0.94 

9 0.01936281 = 0.02 0.9429254 = 0.94 

 

 
Table A4.3 Predictions dataset from the Compositional Y-LRM (Model Approach 1-non-geophysical data), with ILR transformation 

applied to the response variable and validated with LOOCV. Soil particle-size fractions predicted and back-transformed, showing the 

100% sum in each sample. 

Sample inv.ilr.1 inv.ilr.2 inv.ilr.3 Total Sand_pred 

(%) 

Silt_pred 

(%) 

Clay_pred 

(%) 
Total 

1 0.5344338 0.3120655 0.1535007 1 53.44338 31.20655 15.35007 100 

2 0.4299537 0.3834417 0.1866046 1 42.99537 38.34417 18.66046 100 

3 0.495171 0.3350433 0.1697857 1 49.5171 33.50433 16.97857 100 

4 0.3836812 0.4129596 0.2033591 1 38.36812 41.29596 20.33591 100 

5 0.6013873 0.2762673 0.1223455 1 60.13873 27.62673 12.23455 100 

6 0.3191671 0.4378268 0.243006 1 31.91671 43.78268 24.3006 100 

7 0.5035314 0.3288967 0.1675719 1 50.35314 32.88967 16.75719 100 

8 0.5583203 0.3021144 0.1395653 1 55.83203 30.21144 13.95653 100 

9 0.4407989 0.372522 0.1866791 1 44.07989 37.2522 18.66791 100 

10 0.4369701 0.3728117 0.1902183 1 43.69701 37.28117 19.02183 100 

11 0.6018825 0.2752144 0.1229031 1 60.18825 27.52144 12.29031 100 

12 0.2778096 0.4806433 0.2415471 1 27.78096 48.06433 24.15471 100 

13 0.4445729 0.3755268 0.1799003 1 44.45729 37.55268 17.99003 100 

14 0.860297 0.0939602 0.0457429 1 86.0297 9.396017 4.574287 100 

15 0.5416701 0.2949294 0.1634005 1 54.16701 29.49294 16.34005 100 

16 0.4734795 0.3503296 0.176191 1 47.34795 35.03296 17.6191 100 

17 0.3163371 0.4430517 0.2406112 1 31.63371 44.30517 24.06112 100 

18 0.6431664 0.2370704 0.1197632 1 64.31664 23.70704 11.97632 100 

19 0.3861937 0.4035912 0.2102151 1 38.61937 40.35912 21.02151 100 

20 0.2866181 0.4625968 0.2507852 1 28.66181 46.25968 25.07852 100 
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21 0.4347668 0.3780775 0.1871557 1 43.47668 37.80775 18.71557 100 

22 0.3872364 0.3965414 0.2162222 1 38.72364 39.65414 21.62222 100 

23 0.4294499 0.3790129 0.1915372 1 42.94499 37.90129 19.15372 100 

24 0.4913436 0.3404893 0.1681671 1 49.13436 34.04893 16.81671 100 

25 0.3624203 0.4133003 0.2242794 1 36.24203 41.33003 22.42794 100 

26 0.3398677 0.4356826 0.2244498 1 33.98677 43.56826 22.44498 100 

27 0.5255585 0.3127173 0.1617242 1 52.55585 31.27173 16.17242 100 

28 0.3410568 0.4260969 0.2328463 1 34.10568 42.60969 23.28463 100 

29 0.5511669 0.3055257 0.1433075 1 55.11669 30.55257 14.33075 100 

30 0.2340943 0.4815838 0.2843218 1 23.40943 48.15838 28.43218 100 

31 0.4087964 0.39715 0.1940536 1 40.87964 39.715 19.40536 100 

32 0.3423934 0.4372513 0.2203552 1 34.23934 43.72513 22.03552 100 

33 0.3872903 0.398048 0.2146617 1 38.72903 39.8048 21.46617 100 

34 0.309882 0.4453289 0.244789 1 30.9882 44.53289 24.4789 100 

35 0.4068194 0.395019 0.1981616 1 40.68194 39.5019 19.81616 100 

36 0.123077 0.5755463 0.3013767 1 12.3077 57.55463 30.13767 100 

37 0.2505039 0.4894782 0.260018 1 25.05039 48.94782 26.0018 100 

38 0.4497904 0.3354557 0.2147539 1 44.97904 33.54557 21.47539 100 

39 0.4251222 0.3841425 0.1907353 1 42.51222 38.41425 19.07353 100 

40 0.0592939 0.5828373 0.3578689 1 5.929386 58.28373 35.78689 100 

41 0.4511465 0.3688911 0.1799624 1 45.11465 36.88911 17.99624 100 

42 0.4732206 0.3434096 0.1833698 1 47.32206 34.34096 18.33698 100 

43 0.3941793 0.3985435 0.2072773 1 39.41793 39.85435 20.72773 100 

44 0.6760449 0.2227439 0.1012112 1 67.60449 22.27439 10.12112 100 

45 0.8328868 0.1183581 0.048755 1 83.28868 11.83581 4.875504 100 

46 0.5510001 0.301856 0.1471439 1 55.10001 30.1856 14.71439 100 

47 0.4265679 0.3834062 0.1900259 1 42.65679 38.34062 19.00259 100 

48 0.3566612 0.4203347 0.2230041 1 35.66612 42.03347 22.30041 100 

49 0.8136802 0.1284593 0.0578605 1 81.36802 12.84593 5.786047 100 

50 0.2862214 0.4679489 0.2458297 1 28.62214 46.79489 24.58297 100 

51 0.4412665 0.3685835 0.19015 1 44.12665 36.85835 19.015 100 

52 0.4022022 0.3964936 0.2013042 1 40.22022 39.64936 20.13042 100 

53 0.405789 0.3959616 0.1982494 1 40.5789 39.59616 19.82494 100 

54 0.3743885 0.4148488 0.2107626 1 37.43885 41.48488 21.07626 100 

55 0.306264 0.4539751 0.2397609 1 30.6264 45.39751 23.97609 100 

56 0.4301253 0.3767177 0.193157 1 43.01253 37.67177 19.3157 100 

57 0.5913908 0.281784 0.1268252 1 59.13908 28.1784 12.68252 100 

58 0.3803308 0.4182702 0.201399 1 38.03308 41.82702 20.1399 100 

59 0.6765187 0.2224512 0.1010301 1 67.65187 22.24512 10.10301 100 

60 0.3932605 0.3945829 0.2121566 1 39.32605 39.45829 21.21566 100 

61 0.3718429 0.4161178 0.2120393 1 37.18429 41.61178 21.20393 100 

62 0.2207372 0.4906244 0.2886383 1 22.07372 49.06244 28.86383 100 

63 0.4965894 0.3348583 0.1685522 1 49.65894 33.48583 16.85522 100 

64 0.2282148 0.5026345 0.2691507 1 22.82148 50.26345 26.91507 100 

65 0.9837223 0.0119222 0.0043554 1 98.37223 1.192224 0.435544 100 

66 0.0571202 0.5914291 0.3514507 1 5.712017 59.14291 35.14507 100 
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67 0.3736955 0.410506 0.2157985 1 37.36955 41.0506 21.57985 100 

68 0.4415894 0.3635415 0.1948691 1 44.15894 36.35415 19.48691 100 

69 0.5098213 0.3329708 0.1572079 1 50.98213 33.29708 15.72079 100 

70 0.4113291 0.3856611 0.2030099 1 41.13291 38.56611 20.30099 100 

71 0.3696199 0.3941764 0.2362037 1 36.96199 39.41764 23.62037 100 

72 0.4498821 0.368006 0.1821119 1 44.98821 36.8006 18.21119 100 

73 0.5017559 0.3125826 0.1856615 1 50.17559 31.25826 18.56615 100 

74 0.4582664 0.3564836 0.1852499 1 45.82664 35.64836 18.52499 100 

75 0.4450935 0.3687936 0.1861129 1 44.50935 36.87936 18.61129 100 

76 0.4444706 0.3726339 0.1828955 1 44.44706 37.26339 18.28955 100 

77 0.5470701 0.3001511 0.1527788 1 54.70701 30.01511 15.27788 100 

78 0.4078259 0.3858478 0.2063263 1 40.78259 38.58478 20.63263 100 

79 0.4244529 0.3643937 0.2111534 1 42.44529 36.43937 21.11534 100 

80 0.5649124 0.2880697 0.1470179 1 56.49124 28.80697 14.70179 100 

81 0.0279788 0.5874124 0.3846089 1 2.797879 58.74124 38.46089 100 

82 0.2538295 0.4667851 0.2793854 1 25.38295 46.67851 27.93854 100 

83 0.3611347 0.4092745 0.2295908 1 36.11347 40.92745 22.95908 100 

84 0.3832753 0.3940441 0.2226806 1 38.32753 39.40441 22.26806 100 

85 0.581395 0.2674273 0.1511777 1 58.1395 26.74273 15.11777 100 

86 0.529502 0.3222895 0.1482085 1 52.9502 32.22895 14.82085 100 

87 0.4572027 0.3693761 0.1734212 1 45.72027 36.93761 17.34212 100 

88 0.3709965 0.4210648 0.2079387 1 37.09965 42.10648 20.79387 100 

89 0.450551 0.3429986 0.2064503 1 45.0551 34.29986 20.64503 100 

90 0.4349207 0.372049 0.1930304 1 43.49207 37.2049 19.30304 100 

91 0.2453657 0.4722251 0.2824092 1 24.53657 47.22251 28.24092 100 

92 0.5384412 0.3164578 0.145101 1 53.84412 31.64578 14.5101 100 

93 0.2666665 0.4753242 0.2580093 1 26.66665 47.53242 25.80093 100 

94 0.2728257 0.4730994 0.2540749 1 27.28257 47.30994 25.40749 100 

95 0.365843 0.4046533 0.2295037 1 36.5843 40.46533 22.95037 100 

96 0.3751854 0.393646 0.2311687 1 37.51854 39.3646 23.11687 100 

97 0.5296888 0.3129514 0.1573598 1 52.96888 31.29514 15.73598 100 

98 0.2345904 0.4991398 0.2662698 1 23.45904 49.91398 26.62698 100 

99 0.2548403 0.4787292 0.2664305 1 25.48403 47.87292 26.64305 100 

100 0.493839 0.3487559 0.1574051 1 49.3839 34.87559 15.74051 100 

101 0.5641864 0.275774 0.1600396 1 56.41864 27.5774 16.00396 100 

102 0.4108041 0.3736677 0.2155281 1 41.08041 37.36677 21.55281 100 

103 0.3913754 0.3989011 0.2097236 1 39.13754 39.89011 20.97236 100 

104 0.380199 0.4087163 0.2110847 1 38.0199 40.87163 21.10847 100 

105 0.46251 0.3488656 0.1886244 1 46.251 34.88656 18.86244 100 

106 0.4931439 0.3306296 0.1762265 1 49.31439 33.06296 17.62265 100 

107 0.3584513 0.4166047 0.2249441 1 35.84513 41.66047 22.49441 100 

108 0.6249241 0.2499196 0.1251563 1 62.49241 24.99196 12.51563 100 

109 0.4755165 0.341596 0.1828876 1 47.55165 34.1596 18.28876 100 

110 0.8903062 0.0780184 0.0316755 1 89.03062 7.801839 3.167546 100 

111 0.3775158 0.4120098 0.2104744 1 37.75158 41.20098 21.04744 100 

112 0.6893028 0.2085421 0.102155 1 68.93028 20.85421 10.2155 100 
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113 0.3829836 0.3762302 0.2407862 1 38.29836 37.62302 24.07862 100 

114 0.3838951 0.4148067 0.2012982 1 38.38951 41.48067 20.12982 100 

115 0.3348914 0.3896242 0.2754843 1 33.48914 38.96242 27.54843 100 

116 0.3405604 0.4284037 0.2310359 1 34.05604 42.84037 23.10359 100 

117 0.3915675 0.4042741 0.2041585 1 39.15675 40.42741 20.41585 100 

118 0.4980995 0.3429216 0.1589788 1 49.80995 34.29216 15.89788 100 

119 0.5409088 0.2890306 0.1700606 1 54.09088 28.90306 17.00606 100 

120 0.4638342 0.3535961 0.1825697 1 46.38342 35.35961 18.25697 100 

121 0.4283147 0.3807699 0.1909154 1 42.83147 38.07699 19.09154 100 

122 0.4526918 0.3478756 0.1994326 1 45.26918 34.78756 19.94326 100 

123 0.4393539 0.3554094 0.2052366 1 43.93539 35.54094 20.52366 100 

124 0.59451 0.270578 0.134912 1 59.451 27.0578 13.4912 100 

125 0.4786166 0.3329031 0.1884803 1 47.86166 33.29031 18.84803 100 

126 0.4412049 0.3670859 0.1917091 1 44.12049 36.70859 19.17091 100 

127 0.3093308 0.456051 0.2346183 1 30.93308 45.6051 23.46183 100 

128 0.4168458 0.38779 0.1953642 1 41.68458 38.779 19.53642 100 

129 0.2738086 0.4760805 0.2501109 1 27.38086 47.60805 25.01109 100 

130 0.6179547 0.2610558 0.1209895 1 61.79547 26.10558 12.09895 100 

131 0.6092938 0.2519092 0.138797 1 60.92938 25.19092 13.8797 100 

132 0.2081191 0.48832 0.3035609 1 20.81191 48.832 30.35609 100 

133 0.4154467 0.3952656 0.1892877 1 41.54467 39.52656 18.92877 100 

134 0.535157 0.2655533 0.1992897 1 53.5157 26.55533 19.92897 100 

135 0.4022867 0.3914367 0.2062766 1 40.22867 39.14367 20.62766 100 

136 0.4233702 0.3845238 0.192106 1 42.33702 38.45238 19.2106 100 

137 0.4147402 0.3863525 0.1989073 1 41.47402 38.63525 19.89073 100 

138 0.3411387 0.4200032 0.2388581 1 34.11387 42.00032 23.88581 100 

139 0.2616803 0.4779694 0.2603503 1 26.16803 47.79694 26.03503 100 

140 0.5585773 0.3024721 0.1389506 1 55.85773 30.24721 13.89506 100 

141 0.2459455 0.4835903 0.2704642 1 24.59455 48.35903 27.04642 100 

142 0.3496716 0.4034655 0.2468628 1 34.96716 40.34655 24.68628 100 

143 0.3124728 0.4437582 0.2437689 1 31.24728 44.37582 24.37689 100 

144 0.5418722 0.3054128 0.152715 1 54.18722 30.54128 15.2715 100 

145 0.3107755 0.4516182 0.2376063 1 31.07755 45.16182 23.76063 100 

146 0.3393163 0.437632 0.2230516 1 33.93163 43.7632 22.30516 100 

147 0.2936307 0.4681377 0.2382315 1 29.36307 46.81377 23.82315 100 

148 0.4960921 0.3325589 0.171349 1 49.60921 33.25589 17.1349 100 

149 0.4250508 0.3904037 0.1845455 1 42.50508 39.04037 18.45455 100 

150 0.3849811 0.3969533 0.2180656 1 38.49811 39.69533 21.80656 100 

151 0.4932798 0.353194 0.1535263 1 49.32798 35.3194 15.35263 100 

152 0.4521191 0.3533362 0.1945448 1 45.21191 35.33362 19.45448 100 

153 0.433801 0.3664312 0.1997679 1 43.3801 36.64312 19.97679 100 

154 0.9137992 0.0650073 0.0211934 1 91.37992 6.500734 2.119341 100 

155 0.4489513 0.3458049 0.2052438 1 44.89513 34.58049 20.52438 100 

156 0.4030943 0.3859507 0.2109551 1 40.30943 38.59507 21.09551 100 

157 0.3857924 0.3937567 0.2204509 1 38.57924 39.37567 22.04509 100 

158 0.5686868 0.2896014 0.1417118 1 56.86868 28.96014 14.17118 100 
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159 0.4971246 0.3304571 0.1724183 1 49.71246 33.04571 17.24183 100 

160 0.5538019 0.2994661 0.1467321 1 55.38019 29.94661 14.67321 100 

161 0.5226416 0.3038593 0.1734991 1 52.26416 30.38593 17.34991 100 

162 0.3651171 0.4200768 0.2148061 1 36.51171 42.00768 21.48061 100 

163 0.4211834 0.3876188 0.1911977 1 42.11834 38.76188 19.11977 100 

164 0.3928082 0.3760011 0.2311907 1 39.28082 37.60011 23.11907 100 

165 0.5459679 0.2977658 0.1562662 1 54.59679 29.77658 15.62662 100 

166 0.3899411 0.3734638 0.2365952 1 38.99411 37.34638 23.65952 100 

167 0.5427807 0.2913539 0.1658653 1 54.27807 29.13539 16.58653 100 

168 0.5810239 0.2756249 0.1433512 1 58.10239 27.56249 14.33512 100 

169 0.3138382 0.4256952 0.2604665 1 31.38382 42.56952 26.04665 100 

170 0.3566567 0.4097126 0.2336307 1 35.66567 40.97126 23.36307 100 

171 0.3929068 0.4018153 0.2052779 1 39.29068 40.18153 20.52779 100 

172 0.5558712 0.273986 0.1701428 1 55.58712 27.3986 17.01428 100 

173 0.4810286 0.3280023 0.190969 1 48.10286 32.80023 19.0969 100 

174 0.4492908 0.3703715 0.1803377 1 44.92908 37.03715 18.03377 100 

175 0.4810699 0.3521282 0.166802 1 48.10699 35.21282 16.6802 100 

176 0.2502114 0.4589958 0.2907928 1 25.02114 45.89958 29.07928 100 

177 0.2234078 0.490172 0.2864203 1 22.34078 49.0172 28.64203 100 

178 0.4023506 0.3938267 0.2038227 1 40.23506 39.38267 20.38227 100 

179 0.4525554 0.3687694 0.1786753 1 45.25554 36.87694 17.86753 100 

180 0.5332621 0.3138508 0.152887 1 53.32621 31.38508 15.2887 100 

181 0.4424551 0.3610167 0.1965283 1 44.24551 36.10167 19.65283 100 

182 0.9252884 0.0498354 0.0248762 1 92.52884 4.98354 2.487616 100 

183 0.3567375 0.4244976 0.2187649 1 35.67375 42.44976 21.87649 100 

184 0.3750521 0.4156458 0.2093022 1 37.50521 41.56458 20.93022 100 

185 0.4254543 0.3782432 0.1963025 1 42.54543 37.82432 19.63025 100 

186 0.4701543 0.3595847 0.170261 1 47.01543 35.95847 17.0261 100 

187 0.5072499 0.3328677 0.1598824 1 50.72499 33.28677 15.98824 100 

188 0.3223104 0.4353937 0.2422959 1 32.23104 43.53937 24.22959 100 

189 0.6060596 0.2652126 0.1287278 1 60.60596 26.52126 12.87278 100 

190 0.2039476 0.5154 0.2806524 1 20.39476 51.54 28.06524 100 

191 0.2988132 0.4301102 0.2710766 1 29.88132 43.01102 27.10766 100 

192 0.4515245 0.3563547 0.1921208 1 45.15245 35.63547 19.21208 100 

193 0.3458385 0.4026711 0.2514904 1 34.58385 40.26711 25.14904 100 

194 0.2988213 0.4689339 0.2322448 1 29.88213 46.89339 23.22448 100 

195 0.4700227 0.3496875 0.1802897 1 47.00227 34.96875 18.02897 100 

196 0.439991 0.3543823 0.2056267 1 43.9991 35.43823 20.56267 100 

197 0.4043588 0.4005576 0.1950836 1 40.43588 40.05576 19.50836 100 

198 0.3390533 0.4301726 0.2307741 1 33.90533 43.01726 23.07741 100 

199 0.1268996 0.5594287 0.3136717 1 12.68996 55.94287 31.36717 100 

200 0.3830238 0.4071552 0.209821 1 38.30238 40.71552 20.9821 100 

201 0.3542674 0.4324381 0.2132945 1 35.42674 43.24381 21.32945 100 

202 0.3836367 0.3999441 0.2164192 1 38.36367 39.99441 21.64192 100 

203 0.327743 0.4332294 0.2390276 1 32.7743 43.32294 23.90276 100 

204 0.3422621 0.4244172 0.2333208 1 34.22621 42.44172 23.33208 100 
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205 0.4985421 0.2973461 0.2041117 1 49.85421 29.73461 20.41117 100 

206 0.4522547 0.364936 0.1828093 1 45.22547 36.4936 18.28093 100 

207 0.3058603 0.4069056 0.2872341 1 30.58603 40.69056 28.72341 100 

208 0.309528 0.4453057 0.2451664 1 30.9528 44.53057 24.51664 100 

209 0.6757091 0.2058236 0.1184673 1 67.57091 20.58236 11.84673 100 

210 0.7267773 0.181522 0.0917007 1 72.67773 18.1522 9.170066 100 

211 0.4455552 0.3576573 0.1967875 1 44.55552 35.76573 19.67875 100 

212 0.3366688 0.4393998 0.2239315 1 33.66688 43.93998 22.39315 100 

213 0.1940924 0.5218979 0.2840097 1 19.40924 52.18979 28.40097 100 

214 0.4474112 0.3791504 0.1734385 1 44.74112 37.91504 17.34385 100 

215 0.5480102 0.2790511 0.1729387 1 54.80102 27.90511 17.29387 100 

216 0.3905483 0.4195634 0.1898883 1 39.05483 41.95634 18.98883 100 

217 0.2325896 0.4851665 0.282244 1 23.25896 48.51665 28.2244 100 

218 0.4594408 0.360706 0.1798533 1 45.94408 36.0706 17.98533 100 

219 0.3434655 0.4400076 0.2165269 1 34.34655 44.00076 21.65269 100 

220 0.0123563 0.5576411 0.4300026 1 1.235634 55.76411 43.00026 100 

221 0.4021117 0.3862853 0.2116031 1 40.21117 38.62853 21.16031 100 

222 0.2936155 0.4758988 0.2304857 1 29.36155 47.58988 23.04857 100 

223 0.4658378 0.3462236 0.1879386 1 46.58378 34.62236 18.79386 100 

224 0.52068 0.3291993 0.1501208 1 52.068 32.91993 15.01208 100 

225 0.2835579 0.4837798 0.2326623 1 28.35579 48.37798 23.26623 100 

226 0.2162399 0.4981532 0.2856069 1 21.62399 49.81532 28.56069 100 

227 0.1734384 0.5591927 0.2673689 1 17.34384 55.91927 26.73689 100 

228 0.2583398 0.4984817 0.2431785 1 25.83398 49.84817 24.31785 100 

229 0.5212059 0.3323616 0.1464325 1 52.12059 33.23616 14.64325 100 

230 0.6006511 0.2596429 0.139706 1 60.06511 25.96429 13.9706 100 

231 0.2085428 0.5237379 0.2677194 1 20.85428 52.37379 26.77194 100 

232 0.2716358 0.4530501 0.2753141 1 27.16358 45.30501 27.53141 100 

233 0.7012482 0.2062833 0.0924685 1 70.12482 20.62833 9.24685 100 

234 0.460353 0.3720499 0.1675971 1 46.0353 37.20499 16.75971 100 

235 0.6711582 0.2060707 0.122771 1 67.11582 20.60707 12.2771 100 

 

Table A4.4 Predictions dataset from the Random Forest Model 2, with CLR transformation applied to the response variable and 

validated with LOOCV. Soil particle-size fractions predicted and back-transformed, showing the 100% sum in each sample. 

Sample inv.clr.1 inv.clr.2 inv.clr.3 Total Sand_pred 

 (%) 

Silt_pred 

 (%) 

Clay_pred 

 (%) 
Total 

1 0.5786021 0.2609257 0.1604722 1 57.860208 26.092573 16.047219 100 

2 0.4431764 0.3858696 0.170954 1 44.317636 38.586962 17.095402 100 

3 0.5106524 0.3314248 0.1579229 1 51.065237 33.142476 15.792288 100 

4 0.3026779 0.4849303 0.2123918 1 30.267794 48.493028 21.239178 100 

5 0.625781 0.2312552 0.1429638 1 62.578101 23.125522 14.296377 100 

6 0.3862645 0.3831923 0.2305432 1 38.62645 38.319229 23.054321 100 

7 0.5154479 0.3266944 0.1578578 1 51.544788 32.669437 15.785775 100 

8 0.5615597 0.2839731 0.1544672 1 56.155975 28.397306 15.44672 100 

9 0.4444906 0.3805915 0.1749179 1 44.449059 38.059148 17.491793 100 

10 0.4761513 0.3555143 0.1683344 1 47.615128 35.551427 16.833444 100 

11 0.6100871 0.2599136 0.1299993 1 61.008708 25.991358 12.999934 100 

12 0.2819855 0.4673876 0.2506269 1 28.198553 46.738762 25.062685 100 

13 0.4922756 0.3592074 0.1485169 1 49.227563 35.920743 14.851695 100 

14 0.7169372 0.187373 0.0956898 1 71.693722 18.737299 9.5689784 100 

15 0.5185383 0.3106173 0.1708445 1 51.853826 31.061725 17.084449 100 

16 0.52129 0.325607 0.153103 1 52.128999 32.560699 15.310302 100 



 

199 

 

17 0.2890024 0.4051579 0.3058397 1 28.90024 40.515789 30.58397 100 

18 0.6436774 0.2270884 0.1292342 1 64.367741 22.70884 12.923419 100 

19 0.3492634 0.4471534 0.2035832 1 34.926341 44.715339 20.35832 100 

20 0.2919736 0.4550039 0.2530225 1 29.197359 45.500389 25.302252 100 

21 0.4653361 0.369205 0.1654589 1 46.533606 36.920501 16.545894 100 

22 0.3428204 0.436101 0.2210786 1 34.28204 43.610097 22.107863 100 

23 0.4323171 0.3840478 0.1836351 1 43.231713 38.40478 18.363507 100 

24 0.5234451 0.323518 0.153037 1 52.344506 32.351799 15.303696 100 

25 0.3352092 0.4421782 0.2226125 1 33.520925 44.217822 22.261253 100 

26 0.3059572 0.4740542 0.2199886 1 30.595718 47.40542 21.998862 100 

27 0.5423864 0.2837509 0.1738626 1 54.238644 28.375093 17.386263 100 

28 0.3061023 0.4316541 0.2622437 1 30.610227 43.165407 26.224366 100 

29 0.5728338 0.2800461 0.1471201 1 57.283375 28.004613 14.712012 100 

30 0.2505822 0.4427155 0.3067023 1 25.058224 44.271546 30.67023 100 

31 0.4205779 0.4012855 0.1781367 1 42.057789 40.128546 17.813666 100 

32 0.2622737 0.4897464 0.2479799 1 26.227373 48.974637 24.79799 100 

33 0.333359 0.4433277 0.2233133 1 33.335902 44.332768 22.33133 100 

34 0.2894461 0.4511748 0.2593791 1 28.944612 45.117477 25.937911 100 

35 0.4163437 0.4040022 0.179654 1 41.634375 40.400223 17.965402 100 

36 0.1648581 0.5040559 0.3310861 1 16.485807 50.405585 33.108608 100 

37 0.253954 0.4956634 0.2503826 1 25.395405 49.56634 25.038255 100 

38 0.5924483 0.2835844 0.1239674 1 59.244826 28.358438 12.396736 100 

39 0.4378876 0.3884338 0.1736786 1 43.788764 38.843379 17.367857 100 

40 0.1719919 0.4732725 0.3547356 1 17.199191 47.327245 35.473563 100 

41 0.4804646 0.3574657 0.1620698 1 48.046457 35.746567 16.206976 100 

42 0.5093461 0.3420043 0.1486497 1 50.934608 34.200425 14.864967 100 

43 0.4137083 0.4234658 0.1628259 1 41.37083 42.346582 16.282587 100 

44 0.6433017 0.2313981 0.1253002 1 64.330172 23.139811 12.530018 100 

45 0.6689524 0.2052185 0.125829 1 66.895245 20.521851 12.582904 100 

46 0.5712615 0.284361 0.1443775 1 57.126146 28.436104 14.43775 100 

47 0.4568296 0.3836742 0.1594963 1 45.682956 38.367417 15.949627 100 

48 0.3251462 0.4377944 0.2370595 1 32.514617 43.779436 23.705947 100 

49 0.6764427 0.1988657 0.1246916 1 67.644271 19.886571 12.469158 100 

50 0.2781328 0.4544888 0.2673785 1 27.813276 45.448877 26.737846 100 

51 0.4605057 0.3614287 0.1780656 1 46.05057 36.142871 17.806558 100 

52 0.2891197 0.4876074 0.2232729 1 28.911971 48.760743 22.327286 100 

53 0.414913 0.404013 0.181074 1 41.491299 40.4013 18.107401 100 

54 0.3164024 0.4692656 0.214332 1 31.64024 46.926558 21.433201 100 

55 0.3032747 0.4312215 0.2655038 1 30.32747 43.122147 26.550383 100 

56 0.4381374 0.367847 0.1940155 1 43.813745 36.784702 19.401553 100 

57 0.633353 0.2324952 0.1341517 1 63.335305 23.249525 13.41517 100 

58 0.4283491 0.4058216 0.1658294 1 42.834909 40.582156 16.582935 100 

59 0.6495212 0.239812 0.1106668 1 64.952119 23.9812 11.066681 100 

60 0.3765503 0.4220008 0.2014489 1 37.655032 42.200078 20.14489 100 

61 0.3326953 0.4482672 0.2190375 1 33.26953 44.82672 21.903751 100 

62 0.2042334 0.4378255 0.3579412 1 20.423336 43.782548 35.794115 100 

63 0.509637 0.3449091 0.1454539 1 50.963696 34.490915 14.54539 100 

64 0.1998268 0.4979437 0.3022295 1 19.982677 49.794372 30.22295 100 

65 0.6995525 0.2088015 0.091646 1 69.955253 20.880145 9.1646016 100 

66 0.1363273 0.5178447 0.345828 1 13.632725 51.78447 34.582805 100 

67 0.3307564 0.4331112 0.2361324 1 33.075643 43.311116 23.61324 100 

68 0.4565699 0.3629863 0.1804438 1 45.656992 36.298626 18.044382 100 

69 0.5483971 0.3014471 0.1501558 1 54.839711 30.144713 15.015577 100 

70 0.3845564 0.4158664 0.1995772 1 38.455639 41.586641 19.957721 100 

71 0.4006 0.3771186 0.2222815 1 40.059996 37.711857 22.228147 100 

72 0.4846894 0.3566341 0.1586765 1 48.468938 35.663413 15.867649 100 

73 0.5162418 0.3229897 0.1607685 1 51.624184 32.298967 16.076849 100 

74 0.5018226 0.3276531 0.1705243 1 50.182261 32.76531 17.052429 100 

75 0.4750233 0.3600199 0.1649568 1 47.502331 36.00199 16.495679 100 

76 0.4732541 0.3557609 0.170985 1 47.32541 35.576087 17.098503 100 

77 0.5863571 0.2607092 0.1529337 1 58.635708 26.070923 15.293369 100 

78 0.4242867 0.4229239 0.1527893 1 42.428675 42.292392 15.278934 100 

79 0.4332557 0.4021438 0.1646005 1 43.325572 40.214381 16.460047 100 

80 0.557052 0.2856212 0.1573268 1 55.705196 28.562121 15.732683 100 

81 0.1148893 0.515857 0.3692537 1 11.488929 51.585705 36.925367 100 

82 0.2789657 0.4497804 0.2712538 1 27.896572 44.978044 27.125384 100 

83 0.2996491 0.422774 0.2775769 1 29.964911 42.277402 27.757687 100 



 

200 

 

84 0.3703642 0.412043 0.2175927 1 37.036423 41.204302 21.759275 100 

85 0.6424803 0.2520866 0.1054331 1 64.248025 25.208664 10.543311 100 

86 0.560947 0.2867901 0.1522629 1 56.094702 28.679006 15.226293 100 

87 0.4902835 0.3652177 0.1444987 1 49.028355 36.521773 14.449872 100 

88 0.2742436 0.5061289 0.2196275 1 27.42436 50.612889 21.962751 100 

89 0.4663238 0.3499164 0.1837598 1 46.632379 34.99164 18.375981 100 

90 0.4934504 0.3464153 0.1601343 1 49.345038 34.64153 16.013432 100 

91 0.2587975 0.4632927 0.2779097 1 25.879755 46.32927 27.790975 100 

92 0.5488414 0.3050987 0.1460599 1 54.884141 30.509868 14.605991 100 

93 0.2736273 0.4568479 0.2695247 1 27.362734 45.684794 26.952472 100 

94 0.2753175 0.4684683 0.2562143 1 27.531747 46.846827 25.621426 100 

95 0.3419432 0.4206377 0.237419 1 34.194323 42.063773 23.741904 100 

96 0.4067966 0.3888723 0.2043311 1 40.679659 38.887228 20.433113 100 

97 0.5865678 0.2550952 0.1583371 1 58.656777 25.509517 15.833707 100 

98 0.2431654 0.4959277 0.2609069 1 24.316537 49.592768 26.090695 100 

99 0.2524312 0.4801421 0.2674268 1 25.243116 48.014207 26.742677 100 

100 0.5012569 0.348024 0.1507191 1 50.125691 34.802399 15.07191 100 

101 0.6473173 0.2304104 0.1222724 1 64.731727 23.041035 12.227238 100 

102 0.4513542 0.3799945 0.1686512 1 45.135423 37.999452 16.865125 100 

103 0.3818062 0.4221309 0.1960629 1 38.180616 42.213093 19.606291 100 

104 0.3491951 0.4350853 0.2157196 1 34.919513 43.508528 21.571959 100 

105 0.5013322 0.3286649 0.1700029 1 50.13322 32.86649 17.00029 100 

106 0.5289162 0.3001567 0.1709271 1 52.891619 30.015673 17.092709 100 

107 0.3290183 0.4261149 0.2448668 1 32.901829 42.611492 24.486679 100 

108 0.6324818 0.2183957 0.1491224 1 63.248184 21.839571 14.912245 100 

109 0.5117104 0.3212514 0.1670382 1 51.171036 32.125141 16.703824 100 

110 0.7074671 0.2016969 0.090836 1 70.746706 20.169689 9.083605 100 

111 0.3457688 0.4344977 0.2197336 1 34.576876 43.449766 21.973358 100 

112 0.6740733 0.2074899 0.1184368 1 67.407331 20.74899 11.843679 100 

113 0.3542784 0.4200872 0.2256345 1 35.427835 42.008716 22.563449 100 

114 0.3396698 0.4614866 0.1988436 1 33.966977 46.148662 19.884361 100 

115 0.2945158 0.4485608 0.2569234 1 29.451582 44.856082 25.692336 100 

116 0.3401854 0.4167766 0.243038 1 34.018542 41.677659 24.303799 100 

117 0.4249886 0.3965735 0.1784379 1 42.498856 39.657351 17.843793 100 

118 0.4640476 0.3654711 0.1704813 1 46.404759 36.54711 17.048131 100 

119 0.5669791 0.2746066 0.1584144 1 56.697906 27.460655 15.841439 100 

120 0.5084839 0.330159 0.1613571 1 50.848386 33.015902 16.135712 100 

121 0.4363456 0.3896097 0.1740447 1 43.634561 38.960965 17.404474 100 

122 0.4610062 0.3896172 0.1493766 1 46.100622 38.961722 14.937657 100 

123 0.4512703 0.3423143 0.2064154 1 45.127031 34.231428 20.641541 100 

124 0.6094005 0.2408896 0.1497099 1 60.940051 24.088956 14.970993 100 

125 0.4931415 0.3612695 0.145589 1 49.314153 36.12695 14.558897 100 

126 0.4529813 0.3722744 0.1747443 1 45.29813 37.22744 17.47443 100 

127 0.2915315 0.4840811 0.2243874 1 29.153153 48.408109 22.438738 100 

128 0.4373473 0.3922016 0.1704511 1 43.73473 39.220156 17.045115 100 

129 0.2794491 0.4563905 0.2641604 1 27.94491 45.63905 26.41604 100 

130 0.6413787 0.2331045 0.1255169 1 64.137866 23.310446 12.551688 100 

131 0.6908166 0.2010142 0.1081693 1 69.081657 20.101415 10.816928 100 

132 0.3325457 0.445039 0.2224153 1 33.254571 44.503899 22.24153 100 

133 0.4346777 0.3957958 0.1695264 1 43.467773 39.579584 16.952642 100 

134 0.5313797 0.3370258 0.1315945 1 53.137967 33.702583 13.15945 100 

135 0.4285191 0.36813 0.2033509 1 42.851912 36.812995 20.335092 100 

136 0.449954 0.3717812 0.1782648 1 44.995405 37.178116 17.82648 100 

137 0.4275235 0.4355535 0.1369229 1 42.752353 43.555352 13.692295 100 

138 0.3190044 0.4395328 0.2414628 1 31.900441 43.953283 24.146275 100 

139 0.2568972 0.4530671 0.2900357 1 25.689722 45.306707 29.003571 100 

140 0.5668128 0.2868255 0.1463617 1 56.681276 28.682551 14.636173 100 

141 0.2432201 0.461335 0.2954449 1 24.32201 46.133499 29.544491 100 

142 0.324084 0.4073708 0.2685451 1 32.408403 40.737082 26.854515 100 

143 0.3087832 0.4401129 0.251104 1 30.878319 44.011285 25.110396 100 

144 0.5633391 0.2911836 0.1454773 1 56.33391 29.118359 14.547732 100 

145 0.2759359 0.4628667 0.2611974 1 27.593592 46.286665 26.119743 100 

146 0.3358966 0.4538007 0.2103027 1 33.58966 45.380067 21.030274 100 

147 0.2633548 0.4735759 0.2630693 1 26.335482 47.357591 26.306927 100 

148 0.5549528 0.2796423 0.1654049 1 55.495282 27.964226 16.540492 100 

149 0.4767815 0.3786165 0.144602 1 47.678153 37.861648 14.460199 100 

150 0.34323 0.4152974 0.2414726 1 34.322997 41.529739 24.147264 100 



 

201 

 

151 0.5164188 0.3392247 0.1443565 1 51.641882 33.922469 14.435649 100 

152 0.4644066 0.3417598 0.1938337 1 46.440656 34.175979 19.383365 100 

153 0.4374786 0.3891051 0.1734163 1 43.747861 38.910511 17.341628 100 

154 0.5792005 0.273702 0.1470975 1 57.920046 27.370204 14.709749 100 

155 0.5098421 0.3200538 0.1701041 1 50.984212 32.005375 17.010412 100 

156 0.3841272 0.4027998 0.2130731 1 38.412716 40.279977 21.307307 100 

157 0.3892312 0.4012519 0.2095169 1 38.923124 40.125188 20.951688 100 

158 0.5353898 0.2883124 0.1762978 1 53.538979 28.831236 17.629785 100 

159 0.5203952 0.3117191 0.1678857 1 52.039522 31.171908 16.788569 100 

160 0.5844304 0.2663134 0.1492562 1 58.443039 26.63134 14.925621 100 

161 0.5685409 0.2676169 0.1638421 1 56.854095 26.761693 16.384212 100 

162 0.3107189 0.4727167 0.2165644 1 31.071887 47.271672 21.656441 100 

163 0.5051389 0.3283745 0.1664866 1 50.513889 32.837447 16.648664 100 

164 0.384478 0.3759759 0.2395461 1 38.4478 37.597592 23.954608 100 

165 0.5437674 0.2964156 0.159817 1 54.376736 29.641559 15.981705 100 

166 0.3383068 0.4105494 0.2511438 1 33.830684 41.054941 25.114375 100 

167 0.5985624 0.2535074 0.1479302 1 59.856239 25.350737 14.793024 100 

168 0.6060627 0.2398924 0.1540449 1 60.606269 23.989239 15.404492 100 

169 0.3002996 0.4369637 0.2627367 1 30.02996 43.696371 26.273668 100 

170 0.3077253 0.4507018 0.2415729 1 30.772533 45.070178 24.157289 100 

171 0.404419 0.4320153 0.1635657 1 40.441901 43.201527 16.356572 100 

172 0.5746926 0.2616495 0.1636579 1 57.469265 26.164945 16.36579 100 

173 0.5095023 0.3519648 0.1385329 1 50.950229 35.196479 13.853293 100 

174 0.479717 0.3618224 0.1584606 1 47.971699 36.182245 15.846056 100 

175 0.501208 0.3419819 0.1568101 1 50.120799 34.198193 15.681008 100 

176 0.2358833 0.4637749 0.3003419 1 23.588326 46.377486 30.034188 100 

177 0.2621624 0.4604164 0.2774212 1 26.21624 46.041639 27.742121 100 

178 0.4160524 0.4110344 0.1729132 1 41.60524 41.103444 17.291316 100 

179 0.4919414 0.3648156 0.143243 1 49.194139 36.48156 14.324301 100 

180 0.5708594 0.2822052 0.1469353 1 57.085945 28.220522 14.693534 100 

181 0.4516049 0.3498952 0.1984999 1 45.160492 34.98952 19.849987 100 

182 0.6760494 0.20086 0.1230906 1 67.604942 20.085996 12.309062 100 

183 0.3374936 0.4301792 0.2323272 1 33.749364 43.017916 23.23272 100 

184 0.3325654 0.4752253 0.1922093 1 33.25654 47.522535 19.220926 100 

185 0.4904243 0.3332442 0.1763315 1 49.042431 33.324424 17.633145 100 

186 0.4753346 0.3530268 0.1716386 1 47.533462 35.30268 17.163859 100 

187 0.565727 0.282618 0.151655 1 56.572704 28.261797 15.165499 100 

188 0.3054998 0.4441734 0.2503268 1 30.549982 44.417341 25.032677 100 

189 0.651691 0.2207999 0.1275092 1 65.169096 22.079988 12.750916 100 

190 0.2037281 0.5084792 0.2877927 1 20.372809 50.847923 28.779268 100 

191 0.2895488 0.4513022 0.259149 1 28.954877 45.130224 25.914899 100 

192 0.4865477 0.3444493 0.169003 1 48.65477 34.444928 16.900302 100 

193 0.3325336 0.4107126 0.2567538 1 33.253361 41.071261 25.675378 100 

194 0.2215437 0.5011947 0.2772616 1 22.154368 50.119471 27.726162 100 

195 0.5245448 0.3158389 0.1596164 1 52.454478 31.583885 15.961636 100 

196 0.4774154 0.3572993 0.1652853 1 47.741541 35.72993 16.528529 100 

197 0.4103107 0.4325739 0.1571154 1 41.031066 43.257392 15.711542 100 

198 0.3007159 0.4644675 0.2348167 1 30.071586 46.446746 23.481668 100 

199 0.1874477 0.4383807 0.3741716 1 18.74477 43.838075 37.417156 100 

200 0.3168337 0.4480886 0.2350776 1 31.683373 44.808863 23.507764 100 

201 0.29884 0.4916639 0.2094961 1 29.884 49.16639 20.94961 100 

202 0.3807938 0.4119145 0.2072917 1 38.079375 41.191451 20.729173 100 

203 0.3022041 0.4614617 0.2363341 1 30.220413 46.146174 23.633413 100 

204 0.2873503 0.451937 0.2607127 1 28.735033 45.193699 26.071267 100 

205 0.6747599 0.213902 0.1113381 1 67.475994 21.390195 11.133811 100 

206 0.4123767 0.397104 0.1905192 1 41.237675 39.7104 19.051925 100 

207 0.3251884 0.4025736 0.2722379 1 32.518845 40.257363 27.223792 100 

208 0.2859534 0.4719437 0.242103 1 28.595335 47.194369 24.210295 100 

209 0.6409315 0.2247531 0.1343154 1 64.093153 22.475305 13.431541 100 

210 0.700676 0.1945529 0.1047711 1 70.067599 19.455293 10.477108 100 

211 0.438394 0.3678911 0.1937149 1 43.8394 36.789112 19.371488 100 

212 0.3214038 0.4258198 0.2527764 1 32.140381 42.581982 25.277636 100 

213 0.1783974 0.517734 0.3038686 1 17.83974 51.7734 30.38686 100 

214 0.4606239 0.3915385 0.1478376 1 46.062385 39.153854 14.783761 100 

215 0.4745075 0.3313887 0.1941039 1 47.450747 33.138867 19.410386 100 

216 0.3585305 0.4433742 0.1980953 1 35.85305 44.337421 19.809529 100 

217 0.2086529 0.4265762 0.364771 1 20.865286 42.657616 36.477098 100 
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218 0.4086956 0.4221129 0.1691915 1 40.869556 42.21129 16.919154 100 

219 0.2961237 0.437453 0.2664234 1 29.612368 43.745296 26.642336 100 

220 0.132615 0.5130546 0.3543304 1 13.261503 51.305455 35.433042 100 

221 0.3662515 0.4381034 0.1956451 1 36.62515 43.810336 19.564514 100 

222 0.2489442 0.4934535 0.2576023 1 24.894422 49.345351 25.760227 100 

223 0.5766313 0.2901802 0.1331885 1 57.663129 29.018022 13.318849 100 

224 0.5405379 0.3090011 0.1504609 1 54.053792 30.900115 15.046093 100 

225 0.2786619 0.4533031 0.2680349 1 27.866195 45.330315 26.803491 100 

226 0.1702266 0.5130369 0.3167365 1 17.022658 51.303688 31.673654 100 

227 0.174174 0.5003311 0.3254949 1 17.4174 50.033108 32.549493 100 

228 0.1923497 0.5319076 0.2757428 1 19.234966 53.190756 27.574278 100 

229 0.5064762 0.3214074 0.1721164 1 50.647624 32.140736 17.21164 100 

230 0.6070282 0.254305 0.1386668 1 60.702821 25.430503 13.866676 100 

231 0.2122133 0.4705284 0.3172583 1 21.221334 47.052841 31.725826 100 

232 0.2150966 0.4320126 0.3528908 1 21.509655 43.201263 35.289082 100 

233 0.5963074 0.2637506 0.1399421 1 59.630736 26.375058 13.994205 100 

234 0.4662842 0.3766767 0.1570391 1 46.628418 37.667668 15.703914 100 

235 0.6471353 0.2186438 0.1342209 1 64.713533 21.86438 13.422087 100 

 
Table A4.5 Percentages of land cover categories on predictions from the training data. 

Category* % 

Pasture 78.97727 

Agriculture (crops; arable land) 10.22727 

Forest 6.25 

Others 4,545455 

* CORINE-Copernicus Land Cover – 2018 (Ireland) 

 
Table A4.6 Percentages of land cover categories on predictions from the test data.  

Category* % 

Pasture 64.40678 

Agriculture (crops; arable land) 18.64407 

Forest 16.94915 

* CORINE-Copernicus Land Cover – 2018 (Ireland) 

 

 

Appendix A – Dataset details 

 

Soil information 

Soil data, used to train and validate the models, consisted of 235 soil samples collected by different 

institutions and programs across Ireland covering both shallow and deep soil layers. The source datasets are as 

follows:  

▪ Irish Soil Information System (SIS). Modal and Non-Modal profiles (Creamer et al., 2014). Soil 

Survey carried out by the Irish Agriculture and Food Development Authority (Teagasc); 

▪ LUCAS Topsoil 2009 Survey-v1 (Toth et al., 2013; Orgiazzi et al. 2018) and LUCAS Topsoil 2015 

Survey (Jones et al., 2020), both soil campaigns were carried out by the European Soil Data Centre 

(ESDAC) under the programme named Land Use/Land Cover Area Frame Survey (LUCAS); 

▪ Soil Carbon Project 2008. SoilC was a two-year project to estimate soil carbon stocks in representative 

Irish soils (by field sampling and laboratory soils analysis) and to model soil carbon cycling in Irish 

grassland. It was carried out by the University College Cork (UCC) and Teagasc. Details on the survey 

and results can be found in Kiely et al. (2009). 
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▪ WoSIS Soil Profile Database (June 2022). The World Soil Information Service (WoSIS) is a global 

soil database that aims to provide the user with standardised and ultimately harmonised soil profile data 

addressing 45 soil properties (physical and chemical). 

▪ All the dataset encompasses soil particle size fractions as one of the soil properties analysed but only 

the topmost layer (0-15 cm in depth) was considered in this study as it relates to topsoil.  

 

Microwave remote sensing data 

The Sentinel 1 imagery was initially co-registered, multi-looked and speckle-filtered using a Boxcar 

method at a 7 × 7 window size, and radiometrically and geometrically calibrated. Calibration was applied to 

convert the raw images into backscattering coefficients (σ0), for input in the modelling approach outlined in 

the Section 3.5. Terrain correction was applied by using the Copernicus Digital Elevation Model for Europe 

(ESA EEA-10) at 10 m spatial resolution. All datasets were reprojected to the Irish Transverse Mercator 

projection and IRENET-95 horizontal datum. These procedures were carried out using the Sentinel-1 Toolbox 

(SNAP-ESA).  

Radar-based data consist of (i) the backscatter coefficients (backscatter intensity) provided by the VV and 

VH polarisations measured in sigma nought (σ0) obtained for the in-situ soil sampling locations, georeferenced; 

(ii) alpha parameter resulting from the dual-pol decomposition, which varies between 0° and 90° and is used 

to determine the dominant scattering mechanism; (iii) the dual-pol radar vegetation index (RVI, Equation 1) 

(Nasirzadehdizaji et al., 2019; Gururaj et al., 2019) developed for crop monitoring using Sentinel-1; and (iv) 

surface soil moisture (SSM) which refers to the relative water content of the top few centimetres of the soil, 

measured by Sentinel-1 under the Copernicus programme. Likewise the alpha parameter, RVI takes into 

account the vegetation effect on soil backscattering. 

 

RVI =
4σ VH

0

σ VV 
0 + σ VH

0  
Equation 1 

 

Environmental data 

Topographical data derived from the digital elevation model (DEM) ESA EEA-10 (10 m spatial 

resolution) was used because of the soil-landscape relationship and an earth-surface characteristic related to 

soil-surface roughness (micro- and macro-relief of a soil surface), which is a result of variations in soil grains, 

soil aggregates, soil clods and due to tillage. In this study, the topography covariates consist of altitude, slope, 

aspect, and curvature of the slope (concave surface or convex surface). They were obtained from the 

aforementioned DEM by using the surface spatial analyst algorithms available in the ArcGIS® toolbox. 

ArcGIS is a geographic information system (GIS) software (server and online) to view, edit, manage and 

analyse geographic data. It was developed and is maintained by Esri. Summary information about the Spatial 

Analyst ArcGIS® applied in this work for deriving topographical data is presented as follows: 
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Summary of the procedures for deriving the topographic parameters from the DEM EEA-10 

Topographic parameter Description  

Altitude (elevation) Surface elevation values were extracted directly from the cells (pixels) of the DEM (ESA 

EEA-10) by using the “extract values to points” algorithm, without additional procedure. 

Slope The slope tool identifies the steepness at each cell of a raster surface. The lower the slope 

value, the flatter the terrain; the higher the slope value, the steeper the terrain. The output 

slope raster can be calculated in degrees or percent (percent rise). The percent rise can be 

better understood when considered as the rise divided by the run, multiplied by 100. When 

the angle is 45 degrees, the rise is equal to the run, and the percent rise is 100 percent. As 

the slope angle approaches vertical (90 degrees), the percent rise begins to approach 

infinity. In this study, slope is measured in degrees. 

Curvature Calculates the curvature of a raster surface, optionally including profile and plan curvature. 

The primary output is the curvature of the surface on a cell-by-cell basis, as fitted through 

that cell and its eight surrounding neighbours. Curvature is the second derivative of the 

surface, or the slope-of-the-slope. Two optional output curvature types are possible: the 

profile curvature is in the direction of the maximum slope, and the plan curvature is 

perpendicular to the direction of the maximum slope.  In this study, we used the primary 

output in which a positive curvature indicates the surface is upwardly convex, a negative 

curvature indicates the surface is upwardly concave, and a value of zero indicates the 

surface is flat. 

Aspect The Aspect tool identifies the direction the downhill slope faces. The values of each cell 

in the output raster indicate the compass direction the surface faces at that location. It is 

measured clockwise in degrees from 0 (due north) to 360 (again due north), coming full 

circle. Flat areas having no downslope direction are given a value of -1. Broadly, 0=North, 

90=East, 180=South, 270=West. 

 
Source: Spatial Analyst ArcGIS® 10.6 tool help. 

 

Geophysical datasets 

The geophysical data were derived from airborne geophysical surveying and provided by the Geological 

Survey of Ireland (GSI), under the Tellus programme, a national programme to gather geochemical and 

geophysical data across the island of Ireland. A selection of electromagnetic, radiometric (gamma-ray 

spectrometer: potassium concentrations (%), equivalent uranium (ppm) and equivalent thorium (ppm)) and 

magnetic data was obtained from the GSI. The former measures how electrical currents flow through the 

ground and how it changes due to different types of rock or soil. The radiometric and magnetic data provide 

information about soil and rocks. 

Regarding the magnetic data (merged magnetic field anomaly in nT; 50 m x 50 m cell size), the First 

Vertical Derivative (1VD) dataset was selected, as it relates to the shallow magnetic responses, reflective of 

the top most soil layers (Ture et al., 2020).  

Electromagnetic data is commonly based on the mapping of apparent resistivity (ohm.m) or apparent 

conductivity; high resistivity (ρ) means low conductivity and vice-versa. All Tellus electromagnetic maps are 

published and presented in resistivity units. The electromagnetic resistivity at 25 kHz, reaching up to 50 m 

from the surface, in the 4F frequency composite image (from all four frequency images 0.9 kHz, 3 kHz,12 

kHz, and 25 kHz) was selected for this research. The rationale for this selection relies on the fact that high 

frequency means low penetration (see figure below), relevant for topsoil, and the composite image may reveal 

geological features not immediately apparent in each of the four individual resistivity maps (Ture et al., 2020). 

The image cell size is 50 m by 50 m (an area on the ground of 2500 m2) containing the average resistivity of 
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all the points located within that cell. When the soil contains clay, the apparent soil electrical resistivity is 

influenced by the clay content. The electrical resistivity of clay ranges from ~2 to ~100 ohm.m, whereas the 

electrical resistivity of sand is usually higher than 1000 ohm. (Besson et al., 2004; Grandjean et al., 2009). 

 

 
Figure. Approximate depths of investigation for typical Irish rock resistivities, for the four Tellus system frequencies, derived using 

the half-skin-depth estimator. Source: Ture et al. (2020). 
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Appendix A – Models 

Simplicial regression model (CoDa) and log-ratio transformation methods 

 

Compositional data analysis (CoDa) is mostly performed in terms of log-transformations and relies on 

log-ratios between the parts or components of one sample. The theoretical foundations are found in Aitchison 

(1982). As highlighted by Morais and Thomas-Agnan (2021), in simplicial regression one can use 

transformations to transport the simplex space SD into the Euclidean space ƦD-1 to eliminate the simplex 

constraints problem.  

Three log-transformation methods are typically employed in CoDa analysis, namely additive log-ratio 

transformation (ALR), centred log-ratio transformation (CLR), and isometric log-ratio transformation (ILR). 

For the purposes of the work outlined here, we focused on the CLR and ILR methods, as they are symmetric 

transformations meaning that distances are preserved. The difference between these two methods relies on the 

fact that in the former, the identity (covariance) matrix is singular whereas, in the ILR transformation, the 

covariance matrix is non-singular.  

In the soil context, the CLR transformation for the soil particle-size fraction can be defined according to 

the following equations (Equation 1-3): 

CLR (1) = ln 
𝑠𝑎𝑛𝑑

√𝑠𝑎𝑛𝑑 ×𝑠𝑖𝑙𝑡 ×𝑐𝑙𝑎𝑦3   (1) 

 

CLR (2) = ln 
𝑠𝑖𝑙𝑡

√𝑠𝑎𝑛𝑑 ×𝑠𝑖𝑙𝑡 ×𝑐𝑙𝑎
3   (2) 

 

CLR (3) = ln 
𝑐𝑙𝑎𝑦

√𝑠𝑎𝑛𝑑 ×𝑠𝑖𝑙𝑡 ×𝑐𝑙𝑎𝑦3  (3) 

 

From Equations 1-3, it can be noted that the geometric mean composed of all compositions of soil is the 

denominator, and the CLR is a one-to-one transformation. The CLR transformation maps SD into the subspace 

U of ƦD, that is, the CLR-transformed vector has D components but belongs to a D-1 dimensional subspace. 

This method is a one-to-one transformation from SD to U and the inverse transformation CLR-1 : U => SD is as 

follows (Equation 4) 

CLR-1 z = C [exp 𝑧1; … ; exp 𝑧𝐷] (4) 

where C denotes the closure or constraint operation of compositional data in its closed form, that is, as 

positive vectors whose parts add up to a positive constant value (equal to 100 in this study). 

The ILR transformation method is a representation of compositions by orthonormal log-ratio coordinates 

or orthonormal log-ratio basis (OLR) and it is also a one-to-one transformation from SD to ƦD-1. The identity 

matrix of dimension D-1 is non-singular and plays a decisive role in relating a composition to its OLR-

coordinates. Under an orthonormal log-ratio basis, a composition x in SD can be expressed as a compositional 

linear combination of the vector forming the basis. In other words, these D-1 independent vectors in SD are 

unitary and mutually orthogonal and the compositional operations are reduced to ordinary vector operations 

when compositions are represented by their olr-coordinates. This is more appropriate for working with 
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compositional data (CoDa), as the techniques designed for real data hold their coordinates. This means that 

linear regression models can be built, as such geometric structure dovetails with that of real space ƦD-1. 

For the ILR transformation applied to soil texture, the OLR-coordinates of the soil compositions relative 

to the orthonormal basis of SD have to be calculated in terms of partitions, which are presented in a sign matrix 

(Table 1). Partition is a selection of compositions to be included in the bases. It is a hierarchical grouping of 

parts of the original compositional vector, starting with the whole composition as a group and ending with 

each part in a single group (Comas-Cufí &Thió-Henestrosa, 2011). One way to define them is by the sequential 

binary partition (SBP)(Pawlowsky-Glahn et al., 2015; Egozcue & Pawlowsky-Glahn, 2006). SBP consists of 

dividing the composition into two groups of parts which are indicated by +1 and -1 (numerator and 

denominator, respectively) whereing the zeros correspond to parts not included in the partition. With this 

procedure, data is transformed from the simplex (raw data) to real space (orthonormal coordinates-OLR) with 

the isometric logratio transformation (ILR) defined by a sequential binary partition.  

Table 1. Partition D = 3*  

i**  Sand Silt Clay ILR transformation*** 

1 +1 +1 -1 

𝑥1
∗ =  √

2

3
 ln 

(𝑠𝑎𝑛𝑑 .  𝑠𝑖𝑙𝑡)1 2⁄

𝑐𝑙𝑎𝑦
  

2 +1 -1 0 

𝑥2
∗ =  √

1

2
 ln 

𝑠𝑎𝑛𝑑

𝑠𝑖𝑙𝑡
 

* Three-dimensional compositional data (sand, silt, clay) or 3-part composition. Default partition built in the CoDaPack 

software (Comas-Cufí &Thió-Henestrosa, 2011). ** i refers to the i-th OLR-coordinate. *** In OLR-coordinates 

(balance coordinates). 

 

The inverse transformation olr – 1 : ƦD => SD is obtained according to Equation 5:  

olr – 1 v = C (exp (v . ɸ)) (5) 

where v is the olr x vector, ɸ is the matriz of (D – 1) x D-matrix and C denotes the closure or constraint 

operation of compositional data in its closed form.  

Thus, applying the log-ratio (linear) transformations, it is possible to use standard unconstrained 

multivariate analysis on the transformed data because of (i) the one-to-one nature of this transformation, (ii) 

transferring any inferences back to the simplex, and (iii) the components of the composition. The vector space 

structure of SD allows the concepts of linear dependence and independence to be used (i.e. compositional-

linear dependence).  

In traditional Linear Regression Models (LRM), the most popular fitting method is the least-squares 

deviation criterion, or ordinary least-squares regression (OLS), which minimizes the sum of squared errors. 

The (simple linear) regression model is shown in Equation 6,  

yi = 0 + 1 𝑥𝑖+ εi ,  (6) 

where εi are independent and identically distributed as Normal(0, σ2). Equation 7 presents the estimation of 

the coefficients 0, 1, …, r of a linear surface into SD, in CoDa analysis.  

𝑥̂(𝑡) =  𝛽0 ⊕ (𝑡1 ⊙ 𝛽1 ) ⊕  ⋯ ⊕ (𝑡𝑟 ⊙  𝛽𝑟) = ⊕𝑗=0

𝑟
 (t1 ⊙ 1) , (7) 
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 where t = [t0, t1, …, tr] are real covariates and are identified as the parameters of the linear surface and 

x̂(t) is the expected value of the CoDa-response variable. Perturbation (⊕) and Power (⊙) are the fundamental 

and the subsidiary operations in the simplex, respectively. They are used in statistics notations such as in linear 

models equations written specifically for CoDa – the simplicial regression. The former is analogous to 

translation in real coordinate space or Euclidian space (ƦD) and is used to find a difference between 

compositions or change from one to another. The latter is the simplicial operation analogous to scalar 

multiplication in ƦD. 

The compositional coefficients of the model, j  ϵ SD are to be estimated from the data. Because this model 

is presented as a least-squares problem in the simplex, it could be formulated in terms of orthonormal log-ratio 

coordinates (olr). Morais and Thomas-Agnan (2021) synthesised the model formulations in coordinate space 

wherein the parameters a*, b* or B* are estimated by maximum likelihood in coordinate space for the classical 

regression (Table 2). 

Table 2. Specifications of the compositional models and notations.  

Space Y-compositional model 

SD Yt = a ⊕ Xt ⊙ b ⊕ εt 

ƦD-1 Yt
* = a* + b* Xt + ε*t 

Yt, a, b, εt  ϵ  SD
Y ,   Xt   ϵ  Ʀ ;  Yt

*, a*, b*, ε*t  ϵ Ʀ Dy -1 

Source: Adapted from Morais and Thomas-Agnan (2021). 

 

 

Elastic-net Regression Model  

(non-CoDa response variables, univariate responses) 
 

The elastic-net penalty (Zou & Hastie, 2005) is a compromise between the ridge-regression penalty (α = 

0) and the lasso penalty (α = 1). This penalty is particularly useful in situation where there are many correlated 

predictor variables. Ridge regression is known to shrink the coefficients of correlated predictors towards each 

other; Lasso, on the other hand, is somewhat indifferent to very correlated predictors, and will tend to pick one 

and ignore the rest (Friedman et al, 2010).The Lasso expects many coefficients to be close to zero, and a small 

subset to be larger and non-zero (Friedman et al, 2010).  

 
Table: Evaluation metrics for the compositional Random Forest models validated with LOOCV. Approach 1: SAR + Topography 

covariates and Approach 2: SAR + Topography + Geophysical covariates   

Soil PSF* 
Evaluation Metrics – Approach 1 

RMSE MAE NSE** 

Sand  7.141 5.63 0.81 

Silt  7.896 6.113 0.53 

Clay 7.309 5.341 0.42 

Soil PSF* 
Evaluation Metrics – Approach 2 

RMSE MAE NSE** 

Sand  14.89 11.65 0.14 

Silt  11.22 8.83 0.018 

Clay 9.20 6.84 0.11 

*PSF = particle size fraction; **NSE = Nash-Sutcliffe model Efficiency coefficient (1 :1 line) 

 

 

➢ Without geophysical data (Model approach 1) 

 

 

Sand 
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Silt 

 

 

Clay 

 

 

 

Model – SAND 

Train control: method = "LOOCV",  number = 10, verboseIter = TRUE 

Aggregating results:  

Selecting tuning parameters 

Fitting alpha = 1, lambda = 0.298 on full training set (234 samples),  en method: glmnet 

Resampling: LOOCV (9 fold) 

* RMSE was used to select the optimal model using the smallest value. The final values used for the model 

were alpha = 1 and lambda = 0.297753 

RMSE score: 7.435291 (training) 

 
Model – SILT 

Train control: method = "LOOCV",  number = 10, verboseIter = TRUE 
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Aggregating results:  

Selecting tuning parameters 

Fitting alpha = 0.55, lambda = 0.17 on full training set (234 samples),  en method: glmnet 

Resampling: LOOCV (9 fold) 

* RMSE was used to select the optimal model using the smallest value. The final values used for the model 

were alpha = 1 and lambda = 0.1703589 

RMSE score: 7.958112 (training) 

 
Model – CLAY 

Train control: method = "LOOCV",  number = 10, verboseIter = TRUE 

Aggregating results:  

Selecting tuning parameters 

Fitting alpha = 0.55, lambda = 1.29 on full training set (234 samples),  en method: glmnet 

Resampling: LOOCV (9 fold) 

* RMSE was used to select the optimal model using the smallest value. The final values used for the model 

were alpha = 0.55 and lambda = 1.289042  

RMSE score: 7.265178 (training) 

 

 
➢ With geophysical data (Model approach 2) 

 

Sand 

    
 

Silt 

 

 

 

 

Clay 
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Model – SAND 

Train control: method = "LOOCV",  number = 10, verboseIter = TRUE 

Aggregating results:  

Selecting tuning parameters 

Fitting alpha = 0.1, lambda = 0.814 on full training set (234 samples), en method: glmnet 

Resampling: LOOCV (9 fold) 

RMSE was used to select the optimal model using the smallest value. The final values used for the model 

were alpha = 0.1 and lambda = 0.8144466. 

RMSE score: 15.38857 (training) 

 
Model – SILT 

Train control: method = "LOOCV",  number = 10, verboseIter = TRUE 

Aggregating results:  

Selecting tuning parameters 

Fitting alpha = 0.55, lambda = 0.471 on full training set (234 samples),  en method: glmnet 

Resampling: LOOCV (9 fold) 

* RMSE was used to select the optimal model using the smallest value. The final values used for the model 

were alpha = 0.55 and lambda = 0.4707967 

RMSE score: 11.09616 (training) 

 
Model – CLAY 

Train control: method = "LOOCV",  number = 10, verboseIter = TRUE 

Aggregating results:  

Selecting tuning parameters 

Fitting alpha = 0.55, lambda = 0.561 on full training set (234 samples),  en method: glmnet 

Resampling: LOOCV (9 fold) 

* RMSE was used to select the optimal model using the smallest value. The final values used for the model 

were alpha = 0.55 and lambda = 0.5612899 

RMSE score: 9.151947 (training) 

 

 

Glmnet regression model  

(CoDa response variables, multivariate responses) 

 

Glmnet fits generalized linear regression models via penalized maximum likelihood. The regularization 

path is computed for the lasso or elastic net penalty at a grid of values (on the log scale) for the regularization 

parameter lambda. It can also fit multi-response linear regression, which is the case of this study. Lasso tend 

to pick one predictor and ignore the rest, and expects many coefficients to be close to zero, and a small subset 

to be larger and nonzero. 

 

➢ Model fitted (with geophysical data): ilr.1   
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Labels of the Lasso’s penalties curves 

Curve Predictor Curve Predictor 

1 VV 8 Radiometric-Thorium 

(RAD_TH) 

2 VH 9 Radiometric-Uranium (RAD_U) 

3 RVI 10 Altitude 

4 Surface soil moisture (SSM) 11 Slope 

5 Electromagnetic (EM) 12 Aspect 

6 Magnetic (MAG) 13 Curvature 

7 Radiometric-Potassium (RAD_K) - - 

 

  

  

 

 

 

 

 

 

Figure: Lasso’s penalties coefficients 

ilr.1 model 

 

 

➢ Model fitted (with geophysical data): ilr.2   

 
Labels of the Lasso’s penalties curves 

Curve Predictor Curve Predictor 

1 VV 8 Radiometric-Thorium 

(RAD_TH) 

2 VH 9 Radiometric-Uranium (RAD_U) 

3 RVI 10 Altitude 

4 Surface soil moisture (SSM) 11 Slope 

5 Electromagnetic (EM) 12 Aspect 

6 Magnetic (MAG) 13 Curvature 

7 Radiometric-Potassium (RAD_K) - - 

 

 

  

 

 

 

 

 

 

Figure:  Lasso’s penalties coefficients 

  ilr.2 model 

 

 

 



 

213 

 

REFERENCES 

 

Aitchison, J. (1982). The statistical analysis of compositional data (with discussion). Journal of the Royal 

Statistical Society Series B 44, no. 2, 139-177. 

Comas-Cufí, M., Thió-Henestrosa, S. (2011). CoDaPack 2.0: a stand-alone, multi-platform compositional 

software. In: Egozcue JJ, Tolosana-Delgado R, Ortego MI, eds. CoDaWork'11: 4th International Workshop 

on Compositional Data Analysis. Sant Feliu de Guíxols; 2011. 

Egozcue, J.J. & Pawlowsky-Glahn, V. (2006). Compositional data in the geosciences. Geological Society, 

London, Special Publications: Simplicial geometry for compositional data, 264, 145-159, Available at: 

https://www.lyellcollection.org/doi/abs/10.1144/gsl.sp.2006.264.01.11 (acessed 06 February 2023) 

Friedman, J. H., Hastie, T., & Tibshirani, R. (2010). Regularization Paths for Generalized Linear Models via 

Coordinate Descent. Journal of Statistical Software, 33(1), 1–22. https://doi.org/10.18637/jss.v033.i01  

Morais & Thomas-Agnan (2021). Impact of Covariates in Compositional Models and Simplicial Derivatives. 

Austrian Journal of Statistics. Vol. 50, 1-15. https://doi.org/10.17713/ajs.v50i2.1069  

Pawlowsky-Glahn, V., Egozcue, J. J. & Tolosona-Delgado, R. (2015). Modeling and Analysis of 

Compositional Data, Wiley, 2015, 272 p. 

Zou, H. & Hastie, T (2005). Regularization and variable selection via the elastic net. J. Royal. Stat. Soc. B., 

67(2):301–320. Available at: https://www.jstor.org/stable/3647580 (accessed 22 March 2023) 

 

 

---------------------------------------------------------------------------------------------------- 

 

Appendix B 
 

This supplementary material refers to Chapter 5 (DOI 10.1016/j.jag.103742) and is available at 

https://doi.org/10.1016/j.jag.2024.103742   
 

 

Appendix B – Figures 

 
Figure B5.1 Effects of soil specific surface area on the relationship between dielectric constant and volumetric soil moisture. The 

figure depicts the sensitivity of dielectric constant with change in specific surface area at varied moisture conditions, at a microwave 

frequency of 1.4 GHz. The figure also indicates that for the same volumetric soil moisture, the real dielectric constant of a sand will be 

larger than that of a clay because there is more free water in the sand mixture (Jackson, T.J., 1987). The real dielectric constant is a 

measure of the polarisation of the material or degree of polarisation). The imaginary dielectric constant is a measure of the dielectric 

losses or energy absorbed. Figure’s source: Jackson, T.J. (1987). 

https://doi.org/10.18637/jss.v033.i01
https://doi.org/10.17713/ajs.v50i2.1069
https://www.jstor.org/stable/3647580
https://doi.org/10.1016/j.jag.2024.103742
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Figure B5.2 Behaviour of incidence angle (θ), surface roughness (k Hrms) and soil moisture (mv) in HH (a and b), VV (c and d), and 

HV (e and f) polarisations. Source: Baghdadi et al. (2016). 

 
Figure B5.3 An example of the H-α classification plane. Source (Olivé, 2015). Available at https://ddd.uab.cat/record/133501?ln=en  

 

https://ddd.uab.cat/record/133501?ln=en
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Figure B5.4a Type of scattering mechanisms and an example of H-α plane plot resulting from the Cloude-Pottier decomposition with 

an unsupervised Wishart H-α classification applied to agricultural fields. This figure provides worthwhile information to understand 

the backscatter intensity for different scattering mechanisms and polarisations as well as the physical properties behind the scattering 

mechanisms given by the H-α plane plot in that type of land use.  Source: Anup Das (n.d. pp 27,70,77). Available at:  

https://vedas.sac.gov.in/vedas/downloads/ertd/SAR/L_5_Polarimetric_SAR_Data_Analysis_and_Applications_Dr_Anup_Das.pdf   
Accessed 25/01/2023 

https://vedas.sac.gov.in/vedas/downloads/ertd/SAR/L_5_Polarimetric_SAR_Data_Analysis_and_Applications_Dr_Anup_Das.pdf%20%20%20Accessed%2025/01/2023
https://vedas.sac.gov.in/vedas/downloads/ertd/SAR/L_5_Polarimetric_SAR_Data_Analysis_and_Applications_Dr_Anup_Das.pdf%20%20%20Accessed%2025/01/2023
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Figure B5.4b The H-alpha plane for dual-pol data exhibiting optimal dividing lines in the dual-polarization H-α plane. (a) HH-VV; 

(b) HH-HV; (c) HV-VV. (Ji & Wu, 2015). Line 1: divides low and medium entropy zones; Line 2: divides medium and high entropy 

zones; Line 3: divides Z1 and Z2; Line 4: divides Z2 and Z3; Line 5: divides Z4 and Z5; Line 6: divides Z5 and Z6; Line 7: divides Z8 

and Z9. The figure highlight the differences concerning boundary lines and zone thresholds in comparison to Cloude H-alpha plane for 

full-pol (depicted in Figure B5.4a). Credits and source of the figure: Kefeng Ji & Yonghui Wu (2015), 

https://doi.org/10.3390/rs70607447. 

 

  
Figure B5.5 Histograms of alpha and entropy values obtained for the whole study area, showing alpha values mostly ranging from 

0.051 to approximately 36.Alpha and Entropy parameters reflected the land use/land cover categories within which agriculture is the 

most occurring land use land cover in Ireland dominated by grass pasture.  

https://doi.org/10.3390/rs70607447
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Figure B5.6 Correlation (Pearson and Spearman) plots for SOC and SAR backscattering (sigma null in linear units; sigma null in decibels) for soils samples taken at 0-15 cm. In the y axis, SOC units are g/kg. 

 

 

 

 

 

 

 

  
  

Correlation method: Pearson Correlation method: Spearman Correlation method: Pearson Correlation method: Spearman 

    
Correlation method: Pearson Correlation method: Spearman Correlation method: Pearson Correlation method: Spearman 
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Appendix B –Tables 

 
Table B5.1 The dielectric constant for Earth materials 

Material Dielectric Constant 

Sand (dry) 3 – 6 

Sand (saturated) 20 – 30 

Silts 5 – 30 

Shales 5 – 15 

Clays 5 – 40 

Humid soil 30 

Cultivated soil 15 

Rocky soil 7 

Sandy soil (dry) 3 

Sandy soil (saturated) 19 

Clayey soil (dry) 2 

Clayey soil (saturated) 15 

Sandstone (saturated) 6 

Limestone (dry) 7 

Limestone (saturated) 4 – 8 

Basalt (saturated) 8 

Granite (dry) 5 

Granite (saturated) 7 
Source: Hubbard et al. (1997). 

 

Table B5.2 Summary of the physical scattering characteristics of each of the nine zones in the H-α classification 

plane. Zone numbers shown in parenthesis refer to corresponding zones in the pol-decomposition scheme depicted in 

Figure B5.3. Different SAR sensors can yield different arrangements of the zones in the H-α plane but descriptions 

and interpretations are the same. 

Zone Description 

Zone 9(Z1): Low Entropy Surface Scatter In this zone occur low entropy scattering processes with 

alpha values less than 42.5° and include bragg surface 

scattering and specular scattering phenomena. Physical 

surfaces such as water at L and P-bands, sea ice at L-

band, as well as very smooth land surfaces, all fall into 

this category. 

Zone 8(Z2): Low Entropy Dipole Scattering In this zone occur strongly correlated mechanisms, 

which have a large imbalance between HH and VV in 

amplitude. An isolated dipole scatterer would appear, as 

scattering from vegetation with a strongly correlated 

orientation of anisotropic scattering elements. 

Zone 7(Z3): Low Entropy Multiple Scattering Events This zone corresponds to low entropy double or even 

bounce scattering events, such as provided by isolated 

dielectric and metallic dihedral scatterers. These are 

characterized by alpha > 47.5°. The lower bound chosen 

for this zone is dictated by the expected dielectric 

constant of the dihedrals and by the measurement 

accuracy of the radar. 

 Zone 6(Z4): Medium Entropy Surface Scatter This zone reflects the increase in entropy due to changes 

in surface roughness and due to canopy propagation 

effects. In surface scattering theory, the entropy of low-

frequency theories like bragg scatter is zero. Likewise, 

the entropy of high-frequency theories like Geometrical 

Optics is also zero. Thus as the roughness/correlation 

length of surface changes, its entropy will increase. 

Further, a surface cover comprising oblate spheroidal 

scatterers (leaves or discs for example) will generate an 

entropy between 0.6 and 0.7. 

Zone 5(Z5): Medium Entropy Vegetation Scattering There is moderate entropy in this zone but with a 

dominant dipole-type scattering mechanism. The 

increased entropy is due to a central statistical 

distribution of orientation angle. Such a zone would 

include scattering from vegetated surfaces with 

anisotropic scatterers and a moderate correlation of 

scatterer orientations. 
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Zone 4(Z6): Medium Entropy Multiple Scattering This zone accounts for dihedral scattering with moderate 

entropy. This occurs for example in forestry applications, 

where double bounce mechanisms occur at P and L bands 

following propagation through a canopy. The effect of 

the canopy is to increase the entropy of the scattering 

process. A second important process in this category is 

in urban areas, where dense packing of localized 

scattering centres can generate moderate entropy with 

low-order multiple scattering dominant. 

Zone 3(Z9): High Entropy Surface Scatter This class is not part of the feasible region in H-α space 

i.e., we cannot distinguish surface scattering with 

entropy H > 0.9. This is a direct consequence of our 

increasing inability to classify scattering types with 

increasing entropy. It is included to reinforce the idea 

that increasing entropy does limit our ability to use 

polarimetric behaviour to classify targets. Thus, radar 

polarimetry will be most successfully applied to low 

entropy problems. 

Zone 2(Z7): High Entropy Vegetation Scattering High entropy volume scattering arises when α = 45° and 

H = 0.95. Scattering from forest canopies lies in this 

region, as does the scattering from some types of 

vegetated surfaces with random highly anisotropic 

scattering elements. The extreme behaviour in this class 

is random noise (i.e., no polarization dependence). 

Zone 1(Z8): High Entropy Multiple Scattering In the region H > 0.9, it is still possible to distinguish 

double bounce mechanisms in a high entropy 

environment. Again, such mechanisms can be observed 

in forestry applications or in scattering from vegetation 

which has a well-developed branch and crown structure. 

Source: Cloude & Pottier (1997). 

 

 
Table B5.3 Approximate Microwave Measurement Depths for Bare Soil and Different Land Surface Covers 

Land surface cover X‐band 

(2.5 – 3.75 cm) 

(8 – 12 GHz) 

C‐band 

(3.75 – 7.5 cm) 

(4 – 8 GHz) 

L‐band 

(15 – 30 cm) 

(1 – 2 GHz) 

P‐band 

(30 – 100 cm) 

(0.3 – 1 GHz) 

Bare soil ~1.25–1.87 cm ~1.87–3.75 cm ~7.5–15 cm ~15–50 cm 

Agriculture and pasture ~0.5–0.75 cm ~0.75–1.5 cm ~3–6 cm ~6–20 cm 

Forest ~0.25–0.37 cm ~0.37–0.75 cm ~1.5–3 cm ~3–10 cm 

Source: Babaeian et al. (2019). 

 
 

Table B5.4 Correlation (Pearson and Spearman) for SOC and SAR backscattering for soils samples taken at 0-15 cm 

and < = 0-6 cm. 

Backscattering (0-15cm); n=12 Correlation method: Pearson Correlation method: Spearman 

Sigma0_VH 0.3331781 0.2727273 

Sigma0_VH_db 0.3339002 0.2727273 

Sigma0_VV -0.1988311 -0.2517483 

Sigma0_VV_db -0.09185267 -0.2517483 

Backscattering (0-3cm, 0-4cm, 0-

6cm); n=3 

Correlation method: Pearson Correlation method: Spearman 

Sigma0_VH 0.8677421 1 

Sigma0_VH_db 0.9177515 -0.5 

Sigma0_VV 0.3797253 1 

Sigma0_VV_db 0.3720139 -0.5 

Backscattering (0-15cm); n=3 Correlation method: Pearson Correlation method: Spearman 

Sigma0_VH 0.5570259 0.5 

Sigma0_VH_db 0.6961182 0.5 

Sigma0_VV 0.85448 0.5 

Sigma0_VV_db 0.9306026 0.5 
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Appendix C 
 

This supplementary material refers to Chapter 6. 

 

 

Appendix C – Figures  

 

 
Figure C6.1 Voronoi diagram (black) with Delaunay triangulation (grey). Source: Bellelli (2022). Available at: 

https://towardsdatascience.com/the-fascinating-world-of-voronoi-diagrams-da8fc700fa1b. Accessed 17 Jul 2023. 

https://doi.org/10.1029/2018RG000618
http://www.geo.umass.edu/faculty/wclement/dielec.html
https://doi.org/10.3390/rs70607447
https://towardsdatascience.com/the-fascinating-world-of-voronoi-diagrams-da8fc700fa1b
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Figure C6.2 Histograms and normal quantile-quantile plots of the response variables
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Figure C6.3 Trend analysis plots of response variables (measured data), wherein points are raised and three-

dimensionally projected in two directions (north and west). The green line shows a trend in the east-west direction, 

while the blue line depicts a trend in the north-south direction. Flat curves mean that no trend exists. In the sand plot, 

curves indicate a slight trend to the south and east, with higher values in these directions since the curves are bent 

toward them. Conversely, for clay, higher values are towards the west. In the silt plot, higher values are in the centre, 

however, there is not enough strong influence toward the borders, as the curve is not very sharp. Typically, trends 

indicate systematic changes in data across an entire study area. 
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Figure C6.4 Voronoi diagrams depicting stationarity analysis of response variables according to local influence and 

local variation (entropy). 
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Figure C6.5 Spatial autocorrelation by distance using incremental (regular) distance, measuring the intensity of spatial 

clustering for each increasing distance. Z-scores determine the intensity of clustering. Peaks reflect distances where the 

spatial processes for clustering are most pronounced. The colour of each point on the graph corresponds to the statistical 

significance of the z-score values. 

 

 

Figure C6.6 Semivariograms fitted for Empirical Bayesian Kriging Regression (EBKR) with compositional 

approach – CoDA (CLR log-ratio transformation on response variables) and non-CoDA approach (without 

transformation).  
 

 

https://pro.arcgis.com/en/pro-app/3.1/tool-reference/spatial-statistics/what-is-a-z-score-what-is-a-p-value.htm
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Figure C6.7 Error diagnostics plots for the Empirical Bayesian Kriging Regression (EBKR) model fitted without log-

ratio transformation applied to response variables. Predicted Vs. Error.  

 
Figure C6.8 Error diagnostics plots for the Empirical Bayesian Kriging Regression (EBKR) model fitted with CLR 

log-ratio transformation applied to response variables. Predicted Vs. Error.  
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Figure C6.9 Semivariograms fitted for Cokriging (CK) with CoDA approach (CLR log-ratio transformation on 

response variables) and non-CoDA approach (without transformation). Sand.clr (anisotropic; 199°); Silt.clr 

(anisotropic; 320°); Clay.clr (anisotropic; 134°); Sand (anisotropic; 199°); Silt (isotropic); Clay (anisotropic; 134°). 

 

 
Figure C6.10 Error diagnostics plots for Cokriging with crossvariogram fitted without log-ratio transformation applied 

to response variables. Predicted Vs. Error. A pattern in the errors for predicted sand is observed in relation to the zero 

line. 
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Figure C6.11 Error diagnostics plots of predictors against error for sand estimates resulting from Cokring fitted without 

log-ratio transformation applied to response variables. An issue was detected in the curvature plot (bottom right) where 

points follow the same pattern for sand errors depicted in Figure C6.10. This means curvature has a nonlinear 

relationship. 

 

 
Figure C6.12 Error diagnostics plots for Cokring with crossvariogram fitted with CLR log-ratio transformation applied 

to response variables. Predicted Vs. Error. A pattern is observed for the errors, in reference to the zero line, for predicted 

sand.   
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Figure C6.13 Scatter plots matrix for sand and curvature with- and without polynomial functions applied to the covariate (curvature). The 6-degree polynomial appears to be the best 

solution to deal with deviation from the straight line for the curvature covariate. 
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Figure C6.14 Results obtained from the CK model for sand with cubic polynomial and 6-degree polynomial applied 

to the covariate curvature. Scatter plots for the error and measured data with cubic- and 6-degree polynomials (Figures 

a and b, respectively); scatter plots for the standardised error and curvature covariate with cubic- and 6-degree 

polynomials (Figures c and d, respectively); and the respective surface predictions depicted in Figures e (cubic 

polynomial) and f (6-degree polynomial). Only minor differences were observed as shown by the squares and circles. 

It is worth noting that the highest values (sand content > 57%) were not estimated, being consistent with the scatter 

plots. 
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Figure C6.15 Diagnostics plots were obtained from the CK model for sand with interactions terms applied to the covariates before running the model.  Notwithstanding still slight 

overfitting, such a procedure seems to improve the error plots shown in Figures C6.10, C6.11, and C6.14 by accounting for non-linearity.
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Figure C6.16 A comparison between EBKR and CK models fitted with interaction terms applied to the covariates 

before running the models. Interaction terms do not appear to improve surface predictions, particularly when spatial 

direction (anisotropy) is considered in the semivariograms. The highest values estimates (red colours) were stressed 

with EBKR, especially for sand and clay fractions, account for local variations (See also Figure C6.4). 
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Figure C6.17 The Global Moran Index for the response variables without log-ratio transformation applied to them. Sand: a., Silt: b., Clay: c.
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Appendix C – Tables  

 
Table C6.1 The most significant interactions. Linear Regression Model. 

Soil PSF 2nd ORDER INTERACTION TERMS Pr(>|t|) 

Sand Altitude * Curvature 1.65e-12 

Altitude * Slope 0.00135 

RVI * Curvature 0.00217 

SSM * Curvature 0.00935 

VV * Curvature 0.04046 

Silt Altitude * Curvature 0.000597 

Slope * Curvature  0.020362 

SSM *Alpha  0.028853 

RVI * Alpha  0.044005 

Clay Altitude * Slope 0.00361 

SSM * Alpha 0.00728 

RVI * Curvature 0.00805 

Slope * Curvature 0.01318 

Slope * Aspect 0.02798 

Alpha * Aspect 0.04470 

RVI * Alpha 0.05163 

 

 

Appendix C – Models 

Simplicial regression model (CoDa) and log-ratio tranformation methods4  

 

Compositional data analysis (CoDa) is mostly performed in terms of log-transformations and 

relies on log-ratios between the parts or components of one sample. The theoretical foundations 

are found in Aitchison (1982). As highlighted by Morais and Thomas-Agnan (2021), in simplicial 

regression one can use transformations to transport the simplex space SD into the Euclidean space 

ƦD-1 to eliminate the simplex constraints problem.  

Three log-transformation methods are typically employed in CoDa analysis, namely additive 

log-ratio transformation (ALR), centred log-ratio transformation (CLR), and isometric log-ratio 

transformation (ILR). For the purposes of the work outlined here, we focused on the CLR and 

ILR methods, as they are symmetric transformations meaning that distances are preserved. The 

difference between these two methods relies on the fact that in the former, the identity 

(covariance) matrix is singular whereas, in the ILR transformation, the covariance matrix is non-

singular.  

In the soil context, the CLR transformation for the soil particle-size fraction can be defined 

according to the following equations (Equation 1-3): 

CLR (1) = ln 
sand

√sand ×silt ×clay3   (1) 

 

CLR (2) = ln 
silt

√sand ×silt ×clay3   (2) 

 

CLR (3) = ln 
clay

√sand ×silt ×clay3  (3) 

 
4 This material is an excerpt of the original. Deodoro et al (2023). https://doi.org/10.1111/ejss.13414  

https://doi.org/10.1111/ejss.13414
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From Equations 1-3, it can be noted that the geometric mean composed of all compositions 

of soil is the denominator, and the CLR is a one-to-one transformation. The CLR transformation 

maps SD into the subspace U of ƦD, that is, the CLR-transformed vector has D components but 

belongs to a D-1 dimensional subspace. This method is a one-to-one transformation from SD to U 

and the inverse transformation CLR-1 : U => SD is as follows (Equation 4) 

CLR-1 z = C [exp 𝑧1; … ; exp 𝑧𝐷] (4) 

where C denotes the closure or constraint operation of compositional data in its closed form, 

that is, as positive vectors whose parts add up to a positive constant value (equal to 100 in this 

study). 

The ILR transformation method is a representation of compositions by orthonormal log-ratio 

coordinates or orthonormal log-ratio basis (OLR) and it is also a one-to-one transformation from 

SD to ƦD-1. The identity matrix of dimension D-1 is non-singular and plays a decisive role in 

relating a composition to its OLR-coordinates. Under an orthonormal log-ratio basis, a 

composition x in SD can be expressed as a compositional linear combination of the vector forming 

the basis. In other words, these D-1 independent vectors in SD are unitary and mutually orthogonal 

and the compositional operations are reduced to ordinary vector operations when compositions 

are represented by their olr-coordinates. This is more appropriate for working with compositional 

data (CoDa), as the techniques designed for real data hold their coordinates. This means that linear 

regression models can be built, as such geometric structure dovetails with that of real space ƦD-1. 

For the ILR transformation applied to soil texture, the OLR-coordinates of the soil 

compositions relative to the orthonormal basis of SD have to be calculated in terms of partitions, 

which are presented in a sign matrix (Table 1). Partition is a selection of compositions to be 

included in the bases. It is a hierarchical grouping of parts of the original compositional vector, 

starting with the whole composition as a group and ending with each part in a single group 

(Comas-Cufí &Thió-Henestrosa, 2011). One way to define them is by the sequential binary 

partition (SBP)(Pawlowsky-Glahn et al., 2015; Egozcue & Pawlowsky-Glahn, 2006). SBP 

consists of dividing the composition into two groups of parts which are indicated by +1 and -1 

(numerator and denominator, respectively) whereing the zeros correspond to parts not included 

in the partition. With this procedure, data is transformed from the simplex (raw data) to real space 

(orthonormal coordinates-OLR) with the isometric logratio transformation (ILR) defined by a 

sequential binary partition.  

Table 1. Partition D = 3*  

i**  Sand Silt Clay ILR transformation*** 

1 +1 +1 -1 

𝑥1
∗ =  √

2

3
 ln 

(sand × silt)1 2⁄

clay
  

2 +1 -1 0 

𝑥2
∗ =  √

1

2
 ln 

sand

silt
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* Three-dimensional compositional data (sand, silt, clay) or 3-part composition. Default partition built in 

the CoDaPack software (Comas-Cufí &Thió-Henestrosa, 2011). ** i refers to the i-th OLR-coordinate. 

*** In OLR-coordinates (balance coordinates). 

 

The inverse transformation olr – 1 : ƦD => SD is obtained according to Equation 5:  

olr – 1 v = C (exp (v . ɸ)) (5) 

where v is the olr x vector, ɸ is the matriz of (D – 1) x D-matrix and C denotes the closure or 

constraint operation of compositional data in its closed form.  

Thus, applying the log-ratio (linear) transformations, it is possible to use standard 

unconstrained multivariate analysis on the transformed data because of (i) the one-to-one nature 

of this transformation, (ii) transferring any inferences back to the simplex, and (iii) the 

components of the composition. The vector space structure of SD allows the concepts of linear 

dependence and independence to be used (i.e. compositional-linear dependence).  

In traditional Linear Regression Models (LRM), the most popular fitting method is the least-

squares deviation criterion, or ordinary least-squares regression (OLS), which minimizes the sum 

of squared errors. The (simple linear) regression model is shown in Equation 6,  

yi = 0 + 1 𝑥𝑖+ εi ,  (6) 

where εi are independent and identically distributed as Normal(0, σ2). Equation 7 presents the 

estimation of the coefficients 0, 1, …, r of a linear surface into SD, in CoDa analysis.  

𝑥̂(𝑡) =  𝛽0 ⊕ (𝑡1 ⊙ 𝛽1 ) ⊕  ⋯ ⊕ (𝑡𝑟 ⊙  𝛽𝑟) = ⊕𝑗=0

𝑟
 (t1 ⊙ 1) , (7) 

 where t = [t0, t1, …, tr] are real covariates and are identified as the parameters of the linear 

surface and x̂(t) is the expected value of the CoDa-response variable. Perturbation (⊕) and Power 

(⊙) are the fundamental and the subsidiary operations in the simplex, respectively. They are used 

in statistics notations such as in linear models equations written specifically for CoDa – the 

simplicial regression. The former is analogous to translation in real coordinate space or Euclidian 

space (ƦD) and is used to find a difference between compositions or change from one to another. 

The latter is the simplicial operation analogous to scalar multiplication in ƦD. 

The compositional coefficients of the model, j  ϵ SD are to be estimated from the data. 

Because this model is presented as a least-squares problem in the simplex, it could be formulated 

in terms of orthonormal log-ratio coordinates (olr). Morais and Thomas-Agnan (2021) 

synthesised the model formulations in coordinate space wherein the parameters a*, b* or B* are 

estimated by maximum likelihood in coordinate space for the classical regression (Table 2). 

 

Table 2. Specifications of the compositional models and notations.  

Source: Adapted from Morais and Thomas-Agnan (2021).  

Space Y-compositional model 

SD Yt = a ⊕ Xt ⊙ b ⊕ εt 

ƦD-1 Yt
* = a* + b* Xt + ε*t 

Yt, a, b, εt  ϵ  SD
Y ,   Xt   ϵ  Ʀ ;  Yt

*, a*, b*, ε*t  ϵ Ʀ Dy -1 
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