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1. INTRODUCTION
This chapter is structured with the following subheadings and begins by giving a general overview

of the investigated issue: the background, problem statement, and research objectives. The
background provides a general description of the soil, soil information systems, middle-infrared
(MIR) spectroscopy, and digital soil mapping (DSM). The justification for the problem and the
problem statement highlight the gaps that call for additional intervention. The actual purpose of
this research is succinctly stated in the research objectives.

1.1 Background

Soil is a finite natural resource with diverse environmental functions: storing nutrients and organic
carbon, water holding and filtering, functioning as a buffer and filter of water, biodiversity
conservation, living space for humans, and cultural services. It is crucial for ensuring food security
and coping with climate change (Grunwald et al., 2011). Soil quality and fertility are vital for soil
scientists, decision-makers, farmers, etc. Thus, it is critical to recognise, monitor, and store soil
physical and chemical attributes using innovative approaches. In this way, demands for soil-related
information have risen substantially, and there is ample evidence that soil information systems are
required to satisfy the growing need for soil data (Bullock & Montanarella, 1987). Globally,
continentally and nationally, properly organised soil information databases represent a
comprehensive scientific basis of the various action plans for sustainable land use and soil
management. It offers wide-ranging opportunities for spatial quantification, pedotransfer
functions, and soil process determinations (Jones et al., 2005). It may be helpful in monitoring
natural resources, determining soil fertility and suitability for various crops and estimating soil
loss (Bhattacharyya et al., 2010). A significant quantity of soil data has been accumulated during
long-term land observations and soil surveys in Hungary and arranged in different spatial soil
information systems, for instance, the Hungarian Soil Information Conservation and Monitoring
System (Mohammedzein et al., 2023). Soil information systems must rely on accurate, reliable,
good quality and updated soil information. Updating soil information systems has to include
applying alternative laboratory technologies to support the time, cost-effectiveness, and
environment-friendliness of soil data analysis. Spectroscopic methods are promising and have
demonstrated several advantages over wet chemistry methods, making them more extensively used
in the soil research community, notably in soil analysis, such as do not require the use of chemical

extracts that might harm the environment (Rossel et al., 2006), permit rapid acquiring of soil data



and attribute prediction. Soil mid-infrared spectroscopic measurements can be stored in databases
known as spectral libraries. These soil spectral libraries are frequently required as reference
patterns, making spectral data useful to the soil specialists' community (Dematté et al., 2019). The
mid-infrared spectral library database has been used to build statistical models to predict various
chemical, physical, and biological soil properties (Terra et al., 2015). It is also used for soil remote
sensing (Deng et al., 2013) and digital soil mapping (DSM).

DSM has evolved as an efficient field of soil science (Minasny & McBratney, 2016) to meet the
demand for accurate soil information at various spatial resolutions (Omuto & Vargas, 2015). DSM
strives to create current and accurate soil maps by utilising various data sources and methods to
meet current and future soil information needs. In addition, DSM provides a widely accepted
framework to map the spatial patterns of soil properties across various spatial and temporal scales
(Wiesmeier et al., 2011). Using environmental covariates (e.g., digital elevation models, climate
data and geology maps) and the availability of high-resolution remote sensing data besides soil
spectroscopy allows faster and more cost-effective soil attribute estimates and mapping. The
integration of MIR spectral library and environmental covariates such as remote sensing in DSM
approaches has been shown to accurately estimate and map many soil attributes such as soil
organic carbon, soil texture, CaCO3z and CEC that can be used to increase DSM prediction accuracy
(Goydaragh et al., 2021; Rossel et al., 2016).

1.2 Problem Statement and Justification

Traditional soil surveys and fresh soil sampling campaigns are costly and time-consuming. Soil
samples in archives of agriculture associations, universities, and research centres might be helpful
in building soil spectral libraries (Nocita et al., 2015). Most large soil spectral databases are built
from archived historical soil samples (Rossel & Webster, 2012). Even soil samples obtained
decades ago have abundant spectral information that can be utilised to build spectral libraries and
calibrate models. Even though the reflectance spectroscopy approach is used for soil analysis in
Hungary, there is no evidence for national spectral libraries that include a wide variety of soils.
Mid-infrared soil applications are primarily seen in scattered studies, representing small-scale
areas. Such lack of information opens up additional opportunities for study and research to take
advantage of its applications, such as soil properties prediction.

On the other hand, although soil spectroscopic methods have been presented in scientific literature

to predict various soil attributes, the potential use of this approach for DSM has yet to be



intensively explored (Mirzaeitalarposhti et al., 2017). Even though many SOC maps have been
produced based on legacy soil data and other relevant soil information in Hungary (Pasztor et al.,
2014), as well as despite an increased number of papers that studied the assessment, prediction and
mapping of SOC using mid-infrared soil spectroscopy and DSM techniques separately, globally,
a few research have taken into account the combined use of environmental covariates and soil mid-
infrared spectroscopy database for spatial mapping SOC. Furthermore, there is no indication of
research that has studied the modelling between national mid-infrared spectral libraries in
Hungary, which include a wide diversity of soils and environmental covariates for high-resolution
SOC mapping at the national level. Few studies have investigated updating soil information
systems using the mid-infrared spectral library from legacy soil samples in combination with DSM
over a national scale.

1.3 Research Objectives

The purpose of this study is to contribute to the development of the foundations of the mid-
infrared spectral library of Hungary and test different soil science applications based on it. To

achieve this aim, the following objectives were defined.
1.3.1 General Objectives

1. To test the predictive capacity of middle-infrared diffuse reflectance spectroscopy and Partial
Least-squares Regression (PLSR) modelling techniques in predicting physical and chemical soil
data at different scenario levels.

2. To test the possible use of soil middle-infrared spectroscopy data for digital soil mapping.

3. To compare the middle-infrared spectroscopy predicted soil parameters with parameters

determined by wet chemistry methods for digital soil mapping .
1.3.2 Specific Objectives

1. Contribution to the development of the first Hungarian middle-infrared spectral library.

2. Build multivariate statistical models using PLSR for different classification scenarios (samples
classified on the “10-county” scale, the county scale, and according to main soil types).

3. Test the predictive capacity of the developed spectral library in the spectral-based estimation of
key physical and chemical soil properties (SOC, soil texture, CaCO3, CEC, exchangeable Ca and
Mg and water pH).



4. Test the predictive capacity of the developed spectral library and environmental covariates for
spatial mapping of SOC content to target depths of 0 — 30 cm by using DSM techniques (with five
different models) at the 10-county scale.

5. Test the predictive capacity of the traditional wet chemistry and environmental covariates for
spatial mapping of SOC content to target depths of 0 — 30 cm by using DSM techniques (with five
different models) at the 10-county scale.

6. Comparison of the SOC map generated from the MIR spectral dataset with the SOC map
produced from the traditional wet chemistry dataset.



2. LITERATURE REVIEW
2.1 Introduction

The foundation of this thesis necessitates familiarity with soil information systems, soil infrared
spectroscopy including near and middle infrared, MIR spectral libraries, diffuse reflectance
infrared Fourier transform (DRIFT) spectroscopic technique, and multivariate statistics for
predicting soil properties. In addition to the DSM approach, environmental covariates and
statistical models for DSM, such as machine learning and combining MIR spectral spectroscopy

with DSM, are discussed. Gaps are identified that support the choice of methods used in this study.

2.2 Overview of Soil Information System and Database

Governmental organisations, national government employees, consultants, and researchers
working on both new applications and more traditional ones like agricultural extension and soil
conservation have seen an increase in the need for soil geographic information in recent years.
Demands for soil-related information have risen substantially (Pasztor et al., 2015), and there is
ample evidence that soil information systems are required to satisfy the growing need for soil data
(Bullock & Montanarella, 1987). Normally, soil field records and delineations can be digitised and
organised into databases to facilitate the usage of soil data. Soil profiles are commonly put into a
Soil Profile (geographical) Database (SPDB). In contrast, soil delineations are digitised and
represented as polygon maps with attributes attached via mapping units and soil classes (Rossiter
& Rossiter, 2004). Soil profile databases and soil polygon maps can be combined to produce
attribute maps of soil properties and classes to answer soil or soil-land use-specific questions.
Once the data is in a database, one can generate maps and statistical plots by running spatial queries
(Beaudette & O’Geen, 2009). Soil databases can provide information for various applications,
such as soil degradation, forest productivity, global soil change, irrigation suitability,
agroecological zonation and drought risk assessment (Oldeman, 1993). Globally and continentally,
the properly organised soil information databases represent a comprehensive scientific basis of the
various plans of action for sustainable land use and soil management. It offers wide-ranging
opportunities for spatial quantification, pedotransfer functions, and soil process determinations
(Jones et al., 2005). It may be useful for monitoring natural resources, determining soil fertility
and suitability for various crops, estimating soil loss (Bhattacharyya et al., 2010), and evaluating
risk (Lim & Engel, 2003). For instance, the Soil and Terrain Digital Database (SOTER) is a widely



used system that provides information for more accurate mapping, modelling, and monitoring of
variations in soil and terrain resources worldwide (Bhattacharyya et al., 2010).

A significant quantity of soil data has been accumulated during long-term activities of land
observations and soil surveys in Hungary and arranged in different spatial soil information
systems. These spatial databases are available at various levels, starting from the national
(1:500000) to farm (1:10000-1:25000) and field (1:5000-1:10000) scales (Varallyay, 2002). The
first extensive national survey was a project on soil mapping by Kreybig Lajos, which was started
and supervised in 1937. The Kreybig legacy database has been extensively utilised since it was
completed to meet user demands for soil data in Hungary (Pasztor et al., 2012). A soil fertility
monitoring system (AlIR) database including agronomy and soil data such as pH, organic matter,
saturation percentage, total salt content, total N content, and the amount of available P, K, and Ca
in the top 30 cm of soil, has been created during 1978 to 1989 (Varallyay, 1994). The Soil
Information System (HunSIS=TIR) was developed for Pest County, which occupies around 6,500
km?2. It contains basic topographic data and validated models on pedotransfer functions, soil
processes, and soil-plant-environment relationships. It also contains point information on the
characteristics of soil profiles and their various layers and diagnostic horizons (Kummert et al.,
1989). Moreover, the Hungarian Soil Information Conservation and Monitoring System (SIMS) is
an independent soil subsystem that integrates environmental data and a monitoring database (T1M,
1995). Moreover, SIMS identifies the soil resources (baseline state) and tracks how soil
characteristics change over time. Regional soil experts determined this database’s "representative”
sampling locations based on all available soil data (profile descriptions, laboratory analytical
findings, long-term field observations, maps, etc). Despite Hungary's small size, the importance of
soil and agricultural activities in the national economic growth and the Hungarian community's
historic love of the land, particularly among farmers, are all elements that contribute to the richness
and accessibility of soil knowledge in Hungary (Varallyay, 2005). Soil information systems must
rely on accurate, reliable, good quality and updated soil information. Updating soil information
systems has to include alternative laboratory technologies to support soil data analysis's time, cost-
effectiveness, and environment-friendliness.

2.3 Soil Spectroscopy

Many new soil analysis techniques, particularly diffuse reflectance spectroscopy, have recently

been developed. Although soil wet chemistry techniques are widely regarded as accurate methods



for characterising soil attributes, they are sometimes considered impractical due to their time-
consuming and occasional imprecision (Dematté et al., 2019). When numerous measurements are
required for soil taxonomy and mapping, wet chemistry frequently necessitates a large amount of
sample preparation and sophisticated apparatus, which is usually insufficient (Rossel et al., 2016).
Also, traditional wet chemistry has disadvantages such as physical damage to the soil system's
nature (Waruru et al., 2014) and the generation of toxic wastes (environmentally harmful) that
must be appropriately disposed (Sila et al., 2017). Soil infrared techniques are promising and have
demonstrated several advantages over wet chemistry methods, making them more extensively used
in the soil research community, notably in soil analysis. It permits rapid acquisition of soil data
and attribute prediction (Seybold et al., 2019), e.g., soil sample preparation and spectral scanning
carried out within a few minutes, allowing for a high throughput of samples per day. This approach
has good cost-benefit, utilises tiny subsamples and has the advantage that a single spectrum of soil
samples integrates many attributes with high precision (Raphael, 2011; Waruru et al., 2015).
Besides the previously mentioned advantages, these methods do not require chemical extracts that
might harm the environment (Viscarra Rossel et al., 2006), allowing for scanning diverse soil types
without sample dilution (Siebielec et al., 2004). Infrared (IR) spectroscopy is a repeatable and
reproducible analytical approach for predicting soil properties (Soriano-Disla et al., 2014).
Fundamentally, IR spectroscopy works based on the absorption of electromagnetic waves in the
infrared regions (Cécillon et al., 2009). It relies on the interplay of electromagnetic energy with
matter to characterise samples' physical and biochemical composition. The detector collects
reflected light when light is shining on a soil sample. The given soil spectrum represents a unique
fingerprint of specific compounds in the tested system (Tinti et al., 2015). Vibrational energy
transitions in molecules often need energy of a frequency that corresponds to the IR part of the
electromagnetic spectrum. As a result, IR radiation will cause molecule interatomic vibrations,
which is the foundation of the IR spectroscopy method. In essence, an IR spectrum provides a
chemical profile of the sample. Although electromagnetic radiation has both electric and magnetic
components, the electric component of infrared radiation interacts with the interatomic bonds of
molecules to generate various vibrations and for infrared radiation to be absorbed (Nocita et al.,
2015). When IR radiation is absorbed, various molecular vibrations occur, including stretching,
bending, and wagging of the atoms forming the molecule. A molecule must have covalent bonds

to be IR-active. Additionally, the chemical bond vibrations of the atoms within the molecule must



result in an oscillating electric field (net change in dipole moment). The electromagnetic spectrum
of infrared radiation ranges from 0.7 um to 1 mm and contains near-infrared (0.70 - 2.5 um), mid-
infrared (2.5 - 25 um) and far-infrared (25 - 1000 um) (Nocita et al., 2015). The two most critical
spectral ranges for soil investigation and analysis are mid-infrared and near-infrared (Wijewardane
et al., 2018). All bonds have specific vibrational frequencies, and IR absorption can be used to
describe (i) the location of absorption in terms of wave numbers, (ii) the amplitude of the
absorption peak (relative intensity), and (iii) the width of the peak describing its intensity-
bandwidth (Cécillon et al., 2009). Figure 2.1. shows different regions of the electromagnetic
spectrum.
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Figure 2.1. Regions of the electromagnetic spectrum (source: (CCRS, 2009))

2.3.1 Near infrared and mid infrared spectroscopy

Near-infrared (NIR) spectra result from overtones and combination bands. In contrast to other
spectra, such as those recorded from mid-infrared regions (MIR), which contain primarily
fundamental bands, near-infrared (NIR) spectra are complicated and more difficult to describe
(Workman & Mark, 2004). Additionally, due to the combined effects of two or more bonds
(combinations of absorbance) at each wavelength, the NIR area is characterised by larger signals
rather than sharp peaks (Workman & Mark, 2004).

Mid-infrared soil spectra contain useful spectral features and give detailed information on soil
attributes (Shepherd & Walsh, 2007; Stenberg et al., 2010); it has been confirmed to present better



results and high predictions for several soil properties across soil types in comparison to near-
infrared spectroscopy (Minasny & McBratney, 2008; Pirie et al., 2005). This is because MIR range
predictions are based on the presence of fundamental molecular vibrations. Fundamental
absorptions are energy's most intense absorption features and occur in the mid-infrared. Each
higher overtone and combination band is typically 10-100 times weaker than the fundamental
bands (Sandorfy et al., 2006). The fundamental vibrations of functional groups in minerals and
organic matter of soil samples explain the strong absorption of mid-infrared spectra (Shepherd &
Walsh, 2007). The type of molecular motions, functional groups, or bonds present in the soil
sample can be identified through mid-infrared spectroscopy since every frequency correlates to a
certain quantity of energy and a specific molecular motion (e.g., stretching, bending, etc.).
Vibrations of atoms of a molecule involve changes in bond length (stretching) or bond angle
(bending) (Stuart, 2005). Stretching vibration consists of symmetric and asymmetric stretching,
while bending vibration results from wagging, twisting, rocking and deformation. Symmetric
vibration is generally weaker than asymmetric vibration because symmetrical molecules have
fewer “infrared active” vibrations than asymmetrical ones (Stuart, 2005). The change in the bond's
electrical dipole moment determines the intensity of each band during the vibration process; bonds
with larger dipole moment produce higher intensity bands than other bonds (Griffiths & Haseth,
2007). The MIR range has been showing high-density peaks (Shepherd & Walsh, 2007; Soriano-
Disla et al., 2014), which contain much mineral composition information on soils, such as Si-
bearing minerals and iron forms. According to Shepherd & Walsh (2007), MIR spectra can be
divided into four categories (a) fingerprint (O-Si-O stretching and bending) between 1500 and
600 cm™; (b) double bond (C=0, C=C, and C=N) between 1500 and 2000 cm; (c) triple bond
(C=C, C=N) between 2000 and 2500 cm™; and (iv) X-H stretching (O-H stretching) between 2500
and 4000 cm™*. Soil attributes have frequently been studied using MIR spectroscopy (Aguiar et
al., 2013; Francioso et al., 2009; Kaiser et al., 2011).

Nowadays, studying Fourier Transform IR (FTIR) spectra using a combination of multivariate
statistical techniques is a useful diagnostic tool for identifying and quantifying soil constituents.
(Sila et al., 2016; Rossel et al., 2006). Both Baumann et al., (2016) and Gerzabek et al., (2006)
demonstrated the impacts of various management and land use on SOM composition using FTIR
spectroscopy. Diffuse reflectance infrared Fourier Transform (DRIFT) have been widely used for

different studies area, including the determination of soil organic and inorganic composition



(Demyan et al., 2012; Ferrari et al., 2011; Leue et al., 2010; Reeves & Smith, 2009; Tinti et al.,
2015). The technique's fundamental idea is based on scattering the incident light in all directions
when the surface absorbs it. While some radiation contacts the solid surface and is reflected to
create Fresnel reflection, other radiation passes through the sample, interacts with it, and remerges
in various directions.

2.3.2 MIR spectral libraries

Spectral libraries are unique kinds of soil databases. Spectral libraries contain the spectra and
reference parameters for soils of a given area. These soil spectral libraries are frequently required
as reference patterns, making spectral data applicable to the soil specialists' community (Dematté
etal., 2019). According to Rossel et al. (2008), three fundamental requirements must be met before
a soil spectral library can be created: it must have as many samples as are necessary to fully
describe the soil variability in the area where the library will be used; the samples must be carefully
subsampled, handled, prepared, stored, and scanned; and the reference samples must be carefully
acquired. The mid-infrared spectral library database can be utilised to boost agricultural output.
Additionally, it may also be applied for applications of soil remote sensing, proximal sensing, and
spectral variations across sample sites (Deng et al., 2013), soil mapping (Dematté et al., 2004), and
building statistical models used in predictions of soil properties (Terra et al., 2015). Many
publications showed that soil attributes have been efficiently predicted with high accuracy based
on the mid-infrared spectral library. It has been usefully applied to predict various soil physical
properties, including soil texture, water content (hydration, hygroscopic, and free pore water),
aggregate and particle size distribution (Lal et al., 2005), and some properties of clay-like plasticity
(Kasprzhitskii et al., 2018). In addition, it has been used to investigate and predict several
biological and chemical soil properties like soil organic carbon fraction (Knox et al., 2015), organic
carbon, calcium carbonates, soluble salts, cation exchange capacity, and soil pH (Acqui et al.,
2010; Reeves & Smith, 2009). Soil properties can vary greatly; it is difficult to build accurate
models for soil samples that are not present in spectral libraries. As a result, extensive spectral
libraries are required to give robust models over broad areas with a lot of soil diversity (Nocita et
al., 2015), including samples similar to those whose parameters are predicted (Guerrero et al.,
2016). Sequentially, the extensive spectral database has the potential to significantly increase the
accuracy of digital soil maps by giving more data on the most critical soil characteristics and

enabling spatiotemporal soil monitoring over many different geographical areas. The association
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between mid-infrared spectral library data and environmental covariates has recently been
successfully used in DSM (Mirzaeitalarposhti et al., 2017). This modelling permits an increase in
the accuracy of mapping different soil properties, such as soil texture, iron mineralogy, pH, cation
exchange capacity, bulk density, and organic carbon content (Teng et al., 2018; Rossel, 2011).
Soil mid-infrared spectral libraries range from large (regional, national and global) to local
databases, including the field level (Wijewardane et al., 2016). For example, the LUCAS spectral
library in Europe has approximately 20000 soil samples from the surface; the spectral library of
the Australian continent represents 4000 soil samples, and the ICRAF-ISRIC soil spectral library
contains 785 profiles (Dematté et al., 2019). Nowadays, the Global Mid-infrared Soil Spectral
Calibration Library and Estimation Service started developing in 2020. This library includes
spectral data of 80,000 soil samples. All samples have been measured based on one gold standard.
It has been organized by the Soil Spectroscopy program of the Global Soil Laboratory Network
(GLOSOLAN) of GSP-FAO and ISRIC as founding members of the program. On the other hand,
traditional soil surveys and fresh soil sampling campaigns are costly and time-consuming. Soil
archives in agriculture associations, universities, and research centres might allow the building of
soil spectral libraries (Nocita et al., 2015). Most large soil spectral databases are built from
archived historical soil samples (Rossel & Webster, 2012). Even soil samples obtained decades
ago may have an abundance of spectral information that can be utilised to improve the calibration
models of the mid-infrared spectral library. More recently, legacy soil samples have been used to
build spectral libraries that span various geographical scales (Baumann et al., 2021; Gomez et al.,
2015; Rossel et al., 2008; Seybold et al., 2019; Silva et al., 2019).

2.3.3 Multivariate statistical methods for soil MIR spectroscopy

Although the visual interpretation of mid-infrared spectra can be achieved directly, quantitative
prediction of soil attributes is challenging due to the intricate interaction of soil constituents in the
given spectrum (Cécillon et al., 2009). Analysing soil mid-infrared spectral data using multivariate
statistical techniques has provided a powerful approach to soil component discrimination. The
term "multivariate calibration™ refers to the process of building quantitative models that can predict
the properties of the soil from the spectral data. The purpose of model calibration is to substitute
an exact measurement of a soil attribute with one that is more convenient, faster, cheaper, or
accurate enough. Several multivariate regression approaches, such as linear and non-linear

methods, have been developed. Partial least squares (PLS), principal component regression (PCR),
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and multiple linear regression (MLR) are examples of linear methods. Artificial neural networks
(ANN), non-linear support vector machines (SVM), and random forest regression are examples of
non-linear methods.

The two most commonly applied prediction techniques in spectroscopy are principal component
regression (PCR) and partial least squares (PLS) regression. It has been used to estimate one or
more soil components or to perform quantitative determinations (Acqui et al., 2010; Viscarra
Rossel et al., 2006). Partial Least Square Regression PLSR that relates both response and predictor
variables. PLSR is easy to compute and understand (Wijewardane et al., 2018) and commonly
integrates PCA and multiple regression (Wold et al., 2001). The generated spectral vectors from
PLSR are consequently directly related to the soil attribute since it uses the correlation between
the spectra and the soil (Geladi & Kowalski, 1986) and handles multicollinearity and is resistant
to data noise and missing values. PLSR has been used for soil attribute prediction from the spectral
library and can quantify varied soil attributes with high accuracy (Seybold et al., 2019). Although
the prediction for Fe oxides was biased against measurement, (Rossel et al. (2006) estimates of
kaolinite, illite, and smectite concentrations in mineral mixtures were accurate using PLSR.
Summers et al., (2011) and Ostovari et al., (2018) demonstrated the effectiveness of the PLSR
method in predicting soil CaCOs content. The PLSR model also demonstrated the ability to predict
soil-free iron and total clay content (Nouri et al., 2017).

2.4 Soil Maps and Mapping

One of the major tasks of soil scientists is to survey the soil, map it, and produce soil maps
(FitzPatrick, 1986). This modern soil science, which matured in the second part of the twentieth
century, is today known as Conventional Soil Mapping (CSM) (Schelling, 1970). Mapping soils
is one of the most exacting scientific works because soils do generally not have sharp boundaries
but gradually grade from one to another. At the outset of a soil survey, it is essential to establish
the map's purpose; it may be a unique or general-purpose survey. The initial part of the survey
usually starts with an examination of the soil map of the area from which preliminary boundaries
may be drawn and then checked by field examinations. It is also essential at this stage to determine
which properties are to be mapped. This leads to the choice of classes to be mapped and the map
legend and, where necessary, to establish any relationships between mapping units and land use
planning. The soil units that are mapped vary depending on the purpose of the map and the nature

of the soil pattern. The soil survey manual developed by the Soil Survey Division Staff detailed
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the basic principles and methods for conducting and using soil surveys (Soil Survey Division Staff,
1993). Conventional Soil Mapping (CSM) typically utilises survey methods to develop soil maps.
Generally, the soil surveyor delimits soil units, which are areas of relative uniformity, but because
soils are so variable, soil series are seldom absolutely uniform and may contain up to 15 per cent
of other soils (FitzPatrick, 1986). The CSM technique can produce accurate maps if the survey is
done correctly. Since soil survey data (field and laboratory) is now computer-stored, this allows
rapid information retrieval and production of special-purpose maps to suit user requirements. In
the last few years, there has been a very rapid development in soil mapping using remote sensing
and GIS techniques. Because the scale of a soil map directly correlates with the information content
and field investigations carried out, soil maps are required at various scales ranging from 1:1
million to 1:4,000 to meet the requirements of planning at various levels. Nowadays, to handle
current environmental concerns, more adaptable and quantitative approaches such as DSM for
studying soils and their relationship or function to environmental elements and hazards are
necessary (Bouma et al., 2012; Hartemink & McBratney, 2008). In addition, DSM techniques
based on remote sensing enabled the mapping of soil properties at different scales due to higher
spatial and spectral resolutions. The spatial distribution of soil attributes provides the fundamental
information needed to guide crop planting and the preservation and utilisation of soil resources.
2.4.1 Digital soil mapping

Digital soil mapping (DSM) has been used as a replacement for conventional soil mapping, which
has been discovered to have significant shortcomings. These limitations include extensive
sampling necessary for accurate soil maps in largely inaccessible areas (Bui et al., 1999), a lack of
quantitative accuracy metrics (Brus & Heuvelink, 2012), and the difficulty of reproducibility due
to the complexity of the surveyors' mental soil-landscape models. DSM is an effective method of
obtaining soil spatial distribution data.

DSM is defined as developing and populating spatial soil information systems using numerical
models that infer the geographic and temporal variation of soil types and attributes from soil
observation and knowledge, as well as related environmental variables (Lagacherie et al., 2006).
Another DSM definition is the generation and population spatial soil information using field and
laboratory observational methods in combination with spatial and non-spatial soil inference
systems (Carré¢ et al., 2007; Bratney et al., 2003).
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The state factor soil-forming model has been the theoretical basis of soil mapping. Jenny, (1941)
first published it. Since then, the theory has provided a paradigm through which soil genesis and
distribution have been studied. The theory states that soil profile character is a function of the
CLORPT model (climate, organisms, relief, parent material and time) and is known as the Jenny
model as well. It implies that if the spatial distribution of the soil-forming factors is known, then
soil character may be inferred. This theoretical framework has been used by many authors in
pedological research and remains the most popular theory of soil genesis. An expansion of Jenny’s
model has been widely accepted and used in DSM. This expansion was coined by McBratney et
al., (2003) in what is known as the SCORPAN model (soil, climate, organisms, relief, parent
material, age, and geographic position). DSM has grown as a prosperous sub-discipline field
within soil science (Minasny & Bratney, 2016), which is used to meet the demand for accurate soil
information at various spatial resolutions (Omuto & Vargas, 2015). DSM strives to create current
and accurate soil maps by utilising various data sources and methods to meet current and future
soil information needs. The use of the DSM approach has developed from a scientific discipline
to a more practical activity during the last few decades that is expected to provide fine-resolution
soil attribute maps with different depths (Gohari et al., 2019; Vaysse & Lagacherie, 2015), cost-
effective way for producing the soil information required (Cambule et al., 2015) and provides a
more quantitative and flexible method for examining soils and their interactions with the
environment (Dobos et al., 2006; Hartemink & McBratney, 2008; Pasztor et al., 2007). In addition,
DSM provides a widely accepted framework to map the spatial patterns of soil properties across
various spatial and temporal scales (Wiesmeier et al., 2011). DSM is based on applying spatial
autocorrelation mathematical models to predict soil properties of non-sampled locations by
coupling measured soil variables with environmental covariates (Ballabio et al., 2016; Taghizadeh-
Mehrjardi et al., 2020). Quantitative soil-landscape models such SCORPAN model (McBratney et
al., 2003) formalize the empirical, quantitative relationships between soil and the soil-forming
factors. Based on the SCORPAN technique, measured soil (s), climate (c), organisms (0),
including land cover and vegetation index, terrain attributes (r), parent material (p), age (a), and
geographic position (n) can all be used to predict a specific soil feature at a given place (Laborczi
etal., 2016). According to (McBratney et al., 2003; Minasny & McBratney, 2010), the appropriate
method to develop useful digital soil maps depends on the availability, amount and type of data,

preferably including both legacy soil data and soil point data. The spatial autocorrelation of soil
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data in a landscape is critical to DSM's performance (Grunwald et al., 2011). The accuracy of soil
prediction models is determined by sample size and sampled variability (Vasques et al., 2012).
The association between mid-infrared spectral library data and environmental covariates, such as
different sources of remote sensing (satellite images), different sources of digital elevation models
(DEMs) and their derivatives, and different sources of climate data, has been applied in many
studies for digital soil property mapping and to improve the accuracy of spatial predictions.
Recently, MIR techniques have been used successfully for landscape-scale DSM
(Mirzaeitalarposhti et al., 2017).

2.4.1.1 DSM and mid-infrared spectral libraries

Soil profile observations are the primary soil information collected on the field and represent the
most specific information on soils. It is typically the most valuable part of soil surveys and
represents the major input into the soil spatial inference system. Traditionally, wet chemistry
methods have produced soil data used in DSM. There are recently expanded spectral libraries that
help with soil attribute retrieval research (Abrams & Hook, 2002; Clark et al., 2003). With the help
of statistical and chemometric study of spectral dataset information, a broad range of soil attributes
have been determined (Minasny & McBratney, 2008; Rossel & McBratney, 2008) that can be
applied to DSM (Minasny et al., 2009). Using environment covariates (DEM, climate data and
geology map) and the availability of high-resolution remote sensing data and soil spectroscopy
gives chances for faster and more cost-effective soil attribute predictions and mapping. Recently,
MIR approaches have been successfully applied to DSM at the landscape scale (Mirzaeitalarposhti
et al., 2017). Furthermore, diffuse reflectance infrared Fourier transform spectroscopy in the mid-
infrared range at large spatial scales has better predictive power for soil carbon fractions and
texture. On national, regional, and international scales, soil scientists have recently been working
to create extensive soil mid-infrared spectral libraries (Breure et al., 2022; Shepherd & Walsh,
2002). Soil spectral libraries often contain significant amounts of soil samples representing the soil
diversity in a given region. MIR spectral library has been shown to accurately estimate many soil
attributes, such as soil texture, CaCO3 and CEC, that can increase DSM prediction accuracy
(Goydaragh et al., 2021; Rossel et al., 2016). The integration of spectral library, environmental
covariates such as remote sensing, and DSM permits the mapping of different soil properties, such
as clay, iron mineralogy (Rossel et al., 2010), pH, cation exchange capacity, bulk density, and

(Teng et al., 2018; Rossel, 2011), organic carbon content (Rossel et al., 2014) and phosphorus
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stocks (Rossel & Bui, 2016). Furthermore, the combination of the MIR spectral library and DSM
has been used for the prediction and spatial mapping of soil texture at different scales. This
approach has been used to map soil texture at depths of 0 — 15 cm at a small scale in Australia
(Novais et al., 2021), while (Mirzaeitalarposhti et al., 2017) used MIR spectroscopy to support
regional-scale DSM in South-West Germany for prediction soil texture and other soil properties.

Despite soil spectroscopy methods having been extensively used in the previous 20 years to predict
various soil attributes, the potential use of this approach for DSM has not been intensively explored
(Mirzaeitalarposhti et al., 2017). Moreover, although much progress has been made, the current
DSM using mid-infrared spectral library methods is not readily implemented at the national level.
Most soil attribute retrieval applications have been created using local or small-scale correlation
techniques, and they may not scale map for operational use over vast national areas (Cambule et
al., 2013; Guo et al., 2013; Stoorvogel et al., 2012). Considering the use of spectral libraries for
national DSM, research is needed to extend current applications beyond the plot. For example, in
Hungary, there is no indication of research that has studied the integration between national mid-
infrared spectral libraries that include a wide diversity of soils and environmental covariates for
high-resolution SOC mapping at the national level.

2.4.1.2 Overview of soil remote sensing

Remote Sensing (RS) is the process of collecting information from an object by analysing data
collected by a device that is not in direct contact with the object of interest (Lillesand & Kiefer,
1993). Remotely sensed spectral data can be helpful in a variety of applications, including crop
identification and area estimation, crop condition assessment, yield forecasting and estimation,
rangeland surveys, and water resource surveys and mapping for water supply and irrigation, among
other (Nualchawee, 1984). RS information supports inventorying, mapping and monitoring in
general soil and particular soil surveys. Furthermore, remote sensing is often the most cost-
effective source of information, and it is a valuable source of current land use or land cover data.
Remote sensing has developed as an essential tool for mapping and assessment of sand dunes in
extensive lands (MohammedZein et al., 2015), soil mapping with high efficiency and low cost
(MohammedZein et al., 2017) and assessment of changes in land cover types (MohammedZein et
al., 2018) and it can provide calibrated, quantitative, repeatable and cost-effective information for

extensive areas and can be empirically linked to field scale data.
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The interplay between incoming radiation and the objects of interest is crucial to the remote
sensing process. The electromagnetic spectrum ranges in wavelength from short to long gamma
and X-rays to microwaves and broadcast radio waves, respectively. Different electromagnetic
spectrum zones can be used for remote sensing (Figure 2.1). Most typical sensing devices work in
one or more of the electromagnetic spectrum's visible, IR, or microwave bands. Each portion of
the spectrum contains typical data for numerous earth resources. Sensors obtaining information
from the y-rays (Wilford et al., 1997), X-rays (Bish & Plotze, 2011) and the MIR (Rossel et al.,
2006) successfully retrieve soil information, especially soil mineralogy. The main portion of the
spectrum of interest in remote sensing is the visible, NIR, MIR, shortwave infrared, thermal
infrared and microwave portions (Misra, 2022; Reddy, 2018). The visible wavelengths cover a
range from approximately 0.4 to 0.7 um. The longest visible wavelength is red, and the shortest is
violet. The wavelengths that can sense specific colours in the visible region of the spectrum are
Violet (0.400 - 0.446 um), Blue (0.446 - 0.500 um), Green (0.500 - 0.578 pum), Yellow (0.578 -
0.592 um), Orange (0.592 - 0.620 um), and Red (0.620 - 0.700 um). The spectral reflectance
characteristics of the earth's surface materials vary. The colour or tone of an item in a photographic
image is determined by spectral reflectance. The ratio of reflected energy to incident energy as a
function of wavelength is known as spectral reflectance. A spectral signature is a distinctive
spectral response pattern indicative of a terrain feature. Figure 2.2 depicts typical reflectance

curves for various ground surface characteristics: healthy flora, dry soil and water.

60 2
Vegetation
//'\/\\ Dry soil
. |l f\\ (5% water)
=) t ’ '
R 40 » \ Wet soil
3 { \ ' (20% water)
c | —\
E ——
g oig o v \ /\ -\
% . 2
o Clear lake water | / \
Turbid river water .

04 06 08 10 12 14 16 18 20 22 24
Wavelength (micrometers)

1 2 3
—— e SPOT XS Multispectral Bands
1g2:= 34 5 7

—— w— L aAndsat TM Bands e —

e Y

Figure 2.2. Typical spectral reflectance curves for vegetation, soil and water (source: (CCRS, 2009)).
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Related to the spectral characteristics of soil, a large proportion of radiation received on a soil
surface is reflected or absorbed, with very little transmission. Soil reflectance properties depend
on numerous soil characteristics such as mineral composition, texture, structure, percentage of
organic matter, and moisture contents (Lillesand & Kiefer, 1987). These factors are complex,
variable, and interrelated. Mineral composition, organic matter and moisture content are the main
factors governing the spectral absorption of radiation. Azhar (1993) reported differences in the

reflectance of three soil types. Figure 2.3 shows the difference in reflectance for peat, paddy and

forest soils.
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Figure 2. 3. Spectral reflectance curves for three different types of soils (source:(CCRS, 2009))

In a literature review, McBratney et al. (2003) indicated the following significant soil properties
showing a relatively high correlation with remote sensing images: iron-oxide content, soil organic
matter content, salt content, parent material differences, soil moisture content, and some chemical
and physical properties like pH, calcium-carbonate, mineral N, total carbon, total and available
phosphorus, clay, silt, and sand contents. These studies concluded a significant relationship
between remote sensing images and soil properties. They affirmed the above-mentioned properties'
primary importance in determining the soils' spectral response (Bengio, 2009). Although
individual images often show a tremendous amount of spatial detail, the use of multi-temporal RS
databases complemented with terrain information is concluded to be essential for deriving reliable

soil classification categories (McBratney et al., 2003). The large amount of images can be used to
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study the earth's surface features. Machine learning and deep learning techniques applied to
satellite images have effectively detected land patterns and provided information for decision-
making and policy-making (Yadav et al., 2022). Correlation between satellite imageries and the
field measurements can be used to capture the complex nature of soils to produce accurate maps
of soil texture, parent material, mineralogy and current and paleo-hydrological soil properties at
different depths and scales such as used in digital soil mapping (Richer-de-Forges et al., 2023).
2.4.1.2.1 Remote sensing for Digital Soil Mapping

Remote sensing spectral data such as different satellite bands, land cover land use and NDVI are
commonly used as prediction covariates because they provide data about parent material and land
use (Goydaragh et al., 2021), as well as can take advantage of the effects of features like
geomorphology, the evolutionary state of the soil, distribution pattern of soil moisture, land
vegetation status, and human activities. These covariates also include information related to
climate (such as precipitation and temperature), geographic position, and anthropogenic activities
(Duchesne & Ouimet, 2021; Hengl., MacMillan, 2019). Several factors of soil formation can be
derived from remote sensing. Thus, remote sensing can provide direct information on various
SCORPAN factors, including soil, organisms, and parent material. Also, indirect relationships can
be established with factors like climate and time. (Buis et al., 2009; French et al., 2005;
Schmidtlein et al., 2007).

Many studies have relied on RS imagery as a data source supporting DSM (Ben-Dor et al., 2008;
Slaymaker, 2001) and were commonly used to obtain the spatial distribution of soil surface
characteristics (Santanello et al., 2007; Wang et al., 2010). For example, remote sensing data are
significantly correlated with mineral particle size composition (Chagas et al., 2016; Dematté et al.,
2007) and soil organic matter content (Zhai, 2019), especially visible and near-infrared bands of
Landsat 8 and Gaofen-1 satellite (GF-1) images as well as, used to mapped clay content of topsoil
(Bousbih et al., 2019). Physical properties of the land surface relevant to soil forming factors are
provided by satellite imagery and topographic features derived from digital elevation data
(Boettinger et al., 2008; Nield et al., 2007). The availability of environmental covariates in digital
formats, such as RS layers, computing power, and integration with local knowledge of change and
degradation, are key components to a worldwide effort to map soils for land management and
carbon storage planning (Sanchez et al., 2009). To improve DSM efforts, spectral data on soil

surface conditions and vegetation indices as surrogates for vegetation cover have been combined
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with high-resolution terrain models (Howell et al., 2008). (2010) and Boettinger et al. effectively
demonstrate the utility of remotely sensed imagery (i.e., Landsat) for characterising soil surface
features in drylands with modest vegetation cover. Although remote sensing data has been used as
covariates in DSM for the estimation of soil attributes, the use of spectral information for the
spatial soil properties estimation frequently depends on the spatial relationship between existing
soil data and observed patterns in the imagery rather than on physically based retrievals, such as
soil moisture (Dobos et al., 2000; Stoorvogel et al., 2009). Satellite products such as Landsat
Thematic Mapper with 30 m, Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) and Moderate Resolution Imaging Spectroradiometer (MODIS) have been used as
representatives for the soil forming factors, vegetation and parent material). Lower spatial
resolution products easily obtained over large areas, such as Landsat imagery, serve a broader
purpose more effectively than more detailed, labour-intensive soil map products. Furthermore,
archive and contemporary Landsat imagery provide an easily assessable data source commensurate
with landscape features that coincide with land monitoring and land-cover mapping (Washington-
Allen et al., 2006). There is no overall agreement in the literature about selecting Landsat bands
for deriving soil information. Some authors mention all bands as significant information sources,
while others highlight the outstanding performances of the green, red, and thermal infrared bands.
Table. 2.1 represents the different bands of Landsat5 TM. Through its ability to characterise the
soil's clay, organic matter, and iron-oxide content, the Landsat TM thermal band has significantly
contributed to the reparability of soil categories. Generally, measuring the spectral properties of
organisms, soil, and parent material is very helpful using freely available remote sensing,

particularly Landsat data (Boettinger, 2010).

Such Landsat TM reflectance can provide information primarily on vegetation, whereas the area
with the surface is typically exposed, information on parent material and the soil can be inferred.
Due to the multi-temporal frequency of satellites (temporal resolution), they also offer further
possibilities to observe changes in the land surface over time, which is usually associated with the
senescence of vegetation. Vegetation indices (\V1s) are simple and robust techniques for extracting
guantitative information on the amount of vegetation, or greenness, for each pixel in an image. VIs
typically involve the spectral transformation of two or more bands. Vs have proved to be among
the most robust techniques in RS, yielding consistent spatial and temporal comparisons of green
vegetation at local to global scales (Dorji et al., 2014). The most commonly used index is the
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Normalized Difference Vegetation Index (NDVI), which indicates crop growth characteristics and,
indirectly, specific site qualities (Sommer et al., 2003; Sumfleth & Duttmann, 2008). NDVI
consists of two bands, one in the chlorophyll-absorbing red spectral region and the other in the
non-absorbing NIR. The two bands are combined to enhance the vegetation signal while
minimising non-vegetation influences (Dorji et al., 2014). Compound remote sensing indices such
as NDVI, which generally reflects biomass status, have been shown to correlate well with the
distribution of the organic matter or epipedon thickness (Sanchez et al., 2009). Soil colour (Singh
et al., 2006), texture, and carbon and nitrogen content are examples of soil properties linked to
NDVI imagery in local scale studies (Sumfleth & Duttmann, 2008). Several indices have been
developed based on the difference between spectral regions to retrieve specific information for
vegetation properties (Tucker, 1979). (1979) and Julien & Sobrino defined NDVI and the Global
Inventory Modeling and Mapping Studies (GIMMS) data collection, the latter containing NDVI
time series. The influence of soil background reflectance on NDVI is a severe concern in partially
vegetated areas, resulting in decreasing NDVI values with increased soil brightness under
otherwise equal conditions (Tucker et al., 1985). Several variations of the NDVI have been
developed, such as the Soil Adjusted Vegetation Index (SAVI) (Rondeaux et al., 1996), the
Transformed SAVI (TSAVI) (Rondeaux et al., 1996), and the Modified SAVI. Soil covariates
such as NDVI and other indices have been used as auxiliary data sources in DSM to derive soil
properties such as SOC. Although remote sensing imagery (RSI) data has an extensive range of
potential information for DSM, sometimes being complicated environmental covariate. For
instance, in many cases, it can be difficult to distinguish specific spectral fingerprints from the
confounding effects of vegetation, topographic shadowing, or other factors in many circumstances
(Thompson et al.,, 2012). Various image-processing approaches have been developed to
compensate for these problems. If such techniques are insufficient, it is usually required to
incorporate auxiliary data, such as DEM derivatives, to distinguish seemly similar spectral
signatures (Thompson et al., 2012). Land use and cover in human-modified landscapes can be used
to build conditional criteria for inferring dynamic soil attributes (e.g. organic matter). (2011)
provides an exhaustive discussion of soil attributes that can be estimated using remote sensing,
while Boettinger et al. (2008) and Boettinger provide a comprehensive discussion of the

application of remotely sensed imagery in DSM.
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Table 2. 1. Characteristics of Landsat5 TM

Bands Wavelengt Useful for mapping
h
B1- Blue 0.45-0.52 Bathymetric mapping, distinguishing soil from vegetation and deciduous
from coniferous vegetation
B2- green 0.52-0.60 Emphasizes peak vegetation, which is useful for assessing plant vigor
B3 -red 0.63-0.69 Discriminates vegetation slopes
B4 - NIR 0.77-0.90 Emphasizes biomass content and shorelines
B5-Short-wave Infrared 1.55-1.75 Discriminates moisture content of soil and vegetation; penetrates thin clouds
B6- Thermal Infrared 10.40-12.50 | Thermal mapping and estimated soil moisture
B7- Short-wave Infrared 2.09-2.35 Hydrothermally altered rocks associated with mineral deposits

(https://www.usgs.gov/fags/ best-landsat-spectral-bands-use-)
2.4.1.3 Relief data for DSM

The surface is factorised by features such as elevation, slope, aspect, plan and profile curvature,
and flow accumulation (Moore et al., 2003) to obtain landforms, relief or surface topography units.
The earth's surface form is distinguished by a complicated structure of nested hierarchies of relief
components (Dikau, 1989). Relief units are classified into three categories, with increasing
complexity. First, there are elementary forms, which represent the smallest and most fundamental
geometric units. Second, some landforms are composites of elementary forms and third, landform
patterns are landform associations (Minar & Evans, 2008). The use of DEM can characterise relief
or topography. The latter kind of DEM is used to derive quantitative soil forming-process
measures, also called terrain parameterisation. This is a quantitative description of terrain-by-
terrain parameters (Brogniez et al., 2015). Terrain refers to the vertical and horizontal dimensions
of the land surface, and it can also be represented in a digital model called a Digital Terrain Model
(DTM). DEM and DTM are the main terminology frequently used in literature about relief. The
difference between these terms is unclear and widely agreed upon since they often originate from
different models, representations, and fields of relevance to relief applications. DEM represents
the land surface with no trees, buildings, or other "non-ground" objects (bare land surface model).
A more general term for a DEM that contains one or more types of terrain information, like
drainage patterns, soil characteristics, and morphological elements of the terrain, isa DTM (Zhou,
2017). This is a DEM when dealing with a single terrain data type, such as height. DEMs are a
subset of DTMs (Li et al., 2004). Generally, terrain can be derived using various algorithms that
quantify a terrain's morphological, hydrological, ecological and other aspects. These features

quantify how topography affects water distribution throughout the landscape and how much solar
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radiation is received at the surface, which may impact pedogenesis and soil characteristics (Wilson
& Gallant, 2000). Terrain attributes are important landscape attributes for DSM because they
generally give useful information on the terrain and its specific properties and topographic
characteristics relevant to soil cartography (Sena et al., 2020) and key information for
understanding the connections between geomorphology, soil types, and surface hydrology in a
landscape and for modelling soil attributes (Wei et al., 2022). There are two types of terrain
attributes: primary, such as slope, aspect, plan curvature, etc., and secondary, such as stream power
index, upslope area, length of slope, etc (Oksanen & Sarjakoski, 2005). Primary terrain attributes
are measured from elevation data, whereas secondary attributes are derived from the primary
attributes and represent numerical evaluations of the terrain's surface (Mattivi et al., 2019). These
features can be used to estimate potential soil loss or sedimentation and also for calculating
"terrain-adjusted” climatic variables, like temperature, solar irradiation, long wave surface
radiation and reflected radiation, which are important factors in the energy balance of the surface
and thus in the soil formation. A comprehensive overview of this information and the programs
used to compute it can be found in Dobos et al. (2006) and Wilson., Gallant., (2000). Extracted
terrain parameters can also describe the spatial variation of particular landscape processes (Moore
et al., 1993), for example, to improve mapping and modelling of soils, vegetation, land use,
geomorphologic and geological features and similar. One of the most effective ways to organise
soil-landscape knowledge is using digital terrain parameters as soil predictors. The landscape's
terrain affects how water moves through it and moves soil components as solids or solutes. As a
result, the factors that affect water flow direction are crucial in explaining how different soil
properties are spatially distributed. According to McBratney et al. (2003), the relief factor (r),
described in the SCORPAN function, is incorporated into the terrain morphometric attributes
produced from DEMSs. These attributes are frequently used in DSM as auxiliary variables in the
spatial prediction of soil classes and properties, including moisture, colour, and soil organic carbon
(Ballabio et al., 2012; Kempen et al., 2011). Relief is becoming more widely available in a variety
of resolutions because it plays a significant role in the pedogenetic process. DEM with nearly
global coverage fall into two sections: the first one represents open-sourced datasets with low
vertical accuracies, such as the Shuttle Radar Topography Mission Digital Elevation Model
(SRTM DEM) and Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER)
Global Digital Elevation Model (GDEM). Second, global coverage datasets, such as SPOT 5 and
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ALQS, have far better vertical levels of accuracy (Nikolakopoulos & Chrysoulakis, 2006). SRTM
has a much lower spatial resolution but is readily open-sourced (Farr, 2000). Even the lower
accuracy ASTER GDEM and SRTM DEM proved useful for map updating. Furthermore,
according to (Behrens et al., 2010; McBratney et al., 2003), model resolutions can vary from less
than one meter for data derived from light detection and ranging LIDAR surveys to up to one
kilometre for world-covered information sets. The impact of these models' resolutions for
multiscale analysis on environmental modelling has been discussed more frequently since the
introduction of DEMs in various resolutions (Behrens et al., 2010; Dragut et al., 2011).

Studies on the evaluation of Advanced Land Observing Satellite - Panchromatic Remote-sensing
Instrument for Stereo Mapping (ALOS PRISM) data for automatic DSM extraction can be divided
into two main groups: the time before launch and the time right after the data's official release
(Nikolakopoulos, 2020). Several studies have evaluated the accuracy of ALOS PRISM triplet
stereo pairs used during the ALOS operational period. These studies use checkpoints measured
with differential GNSS receivers or more precise reference DSMs to calculate the vertical
accuracy. Takaku et al. (2007) compared DSM generated from ALOS PRISM data to DSMs
produced from Lidar and air photos across five distinct locations. It was found that the vertical
accuracy varied from 4.83 to 7.46 meters. The Japan Aerospace Exploration Agency (JAXA)
created the (ALOS), launched into sun-synchronous orbit in January 2006. The "three eyes" of
ALOS are three sensors first carried by a satellite. These sensors are the Phased Array type L-band
Synthetic Aperture Radar, the Advanced Visible and Near Infrared Radiometer type 2, and the
Phased Array L-band Synthetic Aperture Radar (PALSAR). Its extracted data will give an accurate
digital surface model with a 30 m resolution, offering valuable information for DSM technologies.
Several studies simulating the performance of ALOS PRISM were released (Suzuki, 2003). DSM
derived from ALOS PRISM data was compared to corresponding data sets made from digital
contours or aerial photographs to map natural karst depressions in Brazil (Nikolakopoulos &
Vaiopoulos, 2011), while SRTM and ASTER DEM were contrasted with DEM from ALOS
PRISM stereo pairs (de Carvalho Junior et al., 2013). These two studies concluded that ALOS
PRISM DEM results best detected karst features. Over a watershed in south-central Taiwan, high-
accuracy DEM and DTM data derived from airborne LiDAR point clouds were compared to ALOS
PRISM DEM (Liu et al., 2015), and the ALOS PRISM DEM performed the best results as well.
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2.4.1.4 Climate data for DSM

The "father" of soil science, Vasiliy Dokuchaev, described the soil as a natural body having its
own genesis, influenced by a sequence of soil-forming factors, including Climate (Certini &
Scalenghe, 2023). Like the same soil forming factors in the DSM approach, such as organisms and
relief of the soil formation, the climate is expressed in spectra such as those recorded by remote
sensing satellites (Buis et al., 2009; Schmidtlein et al., 2007). The resolution of climate data is
typically coarse, ranging from 2 km for national-scale soil maps to 50 km for European data—
MARS data (Genovese, 2001). Such data are derived from measurements taken at the ground
stations, which are spread widely. Minimum and maximum temperatures, cumulated mean
temperatures, mean temperatures, precipitation, potential evapotranspiration, climatic water
balance, global radiation, snow depth, and similar relevant climatic factors are regularly observed
and mapped worldwide. By taking into account soil attributes, climate can be used to explain how
soil works and how things like soil erosion, weathering, and soil particle loss threaten soil. Climate
is a significant determinant of SOC concentrations and is vital in controlling SOC due to the
alteration of the SOC inputs from vegetation and decomposition. The latter are related to
temperature and moisture factors (Knorr et al., 2005). On the other hand, a crucial fact is that,
unlike RS-based covariates, climate cannot be directly observed through remote sensing. There
are datasets on climate variables, but they do not all use RS data. Using measurements from
weather stations that have been spatially interpolated, WorldClim provides climate datasets
(Hijmans et al., 2005). WorldClim offers interpolated climate surfaces with a spatial resolution of
30 arc seconds (roughly 1 km resolution) for all land areas across the globe. These climate datasets
were created using a DEM to interpolate weather station records spatially. The highest level of
uncertainty in climate data, outside of regions with a low station density, is found in areas with a
significant elevational variation. Monthly precipitation and mean, minimum, and maximum
temperatures are the climate variables provided by WorldClim (Hijmans et al., 2005). On the other
hand, the Climate Forecast System Reanalysis (CFSR) by the National Centers for Environmental
Prediction (NCEP) took 36 years, from 1979 to 2014. The CFSR was developed as a global, high-
resolution coupled system of the atmosphere, ocean, land surface, and sea ice to provide the most
accurate assessment. There are 38 km-resolution CFSR data available globally for every hour since

1979. It enables the download of daily CFSR data (precipitation, wind, relative humidity, and
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solar) for a specific location and time frame using this website in Soil and Water Assessment Tool
(SWAT) file format. In DSM analysis, these covariates have been used.

2.4.1.5 Statistical models for DSM

The generic digital soil mapping approach assumes the form of the SCORPAN model or STEP-
AWBH conceptual model which represents (soil, topographic, ecological, parent material,
atmospheric, water properties, biotic properties and human-induced forcings). This method is
similar to that used in conventional soil mapping, with the exception that mathematical (such as
expert rule-based or fuzzy logic models) or statistical models, instead of conceptual models, are
used to formulate the functional relationships between the soil attributes or classes and model
factors (Ryan et al., 2000). These mathematical or statistical models are fitted or trained with the
aid of georeferenced soil data and subject-matter knowledge. Environmental layers in a
Geographic Information System (GIS) serve as a representation of the model factors, also referred
to as environmental covariates and ancillary data. As they offer a dense grid of measured or
interpolated values with which to correlate to soil attributes, raster-based geographic data sets,
such as derivatives of DEM and RSI, are typically preferred.

Nowadays many studies in the literature have reviewed various DSM approaches which are
designed to correlate environmental covariates derived from different sources quantitatively with
soil properties. Different mathematical and statistical models can be applied to estimate the spatial
distribution of soil properties or classes. McBratney et al., (2003) provide a comprehensive review
of predictive approaches and mathematical models involving environmental covariates and soil
data in DSM. A similar review of ecological modelling has been conducted by (Guisan &
Zimmermann, 2000). Despite the wide range of models available, Austin et al., (2006) have
emphasized that the analyst's ecological knowledge and statistical prowess are more crucial in
ecological modelling than the statistical model used. According to (Minasny & McBratney, 2010),
better spatial prediction of soil characteristics will come from gathering better soil data rather than
using more complex statistical models. The most popular mathematical and statistical techniques
used in DSM, include fuzzy membership, multivariate statistical methods, geostatistics, decision
tree analysis (Omuto & Vargas, 2015), machine learning, hybrid and traditional statistical
techniques (Chen et al., 2019) models. In addition to artificial neural networks, convolutional

neural networks, PLSR, Cubist models.
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Among those methods, the random forest (RF), stochastic gradient boosting machine (GBM),
support vector machine (SVM) and extreme gradient boosting machine (XGBoost) has been
widely used in the DSM framework by many researchers for the spatial prediction of soil properties
because they achieve higher prediction accuracies.

Random forest is a data mining technique which is the extension for the classification and
regression tree and becoming more and more popular in DSM, soil sciences, and even in applied
sciences in general. RF is a nonparametric and an ensemble of decision trees model derived from
the calculation of numerous randomized classification trees (CART- 500 to 2000 trees) (Breiman,
2001). Additionally, RF is a group learning approach for classification (and regression) that works
by building a lot of decision trees during training and then combining them to produce a single
prediction for each observation in a data set. One singular prediction is made using the results of
all individual trees. The most crucial parameters to adjust in RF models are the number of trees
("ntree™) and the number of variables ("mtry") used at each split when building the tree (Houborg
& McCabe, 2018). By voting or averaging the parameter value across all calculated models, the
final model's parameters are chosen. The relative importance of the predictor variable can also be
ranked using this method by using regression prediction error of out-of-bag (OOB) predictions.
The random forest has benefits over the majority of modeling techniques, including its ability to
model highly nonlinear dimensional relationships, have resistivity to overfitting, combines
continuous and categorical predictor variables and relative strength in light of the data's noise
content and few parameters are needed for implementation (Liaw & Wiener, 2002). It is simple to
use because it has just two parameters, and is typically not delicate to their values (Liaw & Wiener,
2002). In addition, RF performs better than other prediction models in larger study regions with a
variety of landscape elements (Lamichhane et al., 2019). It has recently become more popular
among DSM for estimating soil properties such as organic carbon (Lamichhane et al., 2019).
Hence, the noisy, large, and missing data are unaffected by the random forest model, which can
handle both quantitative and categorical data using the algorithms of regression and classification.
The randomForest package includes this algorithm, which can be applied to both issues involving
regression and classification.

Gradient boosting machine (Friedman, 2001) is one of the most effective ensemble machine
learning methods for problems involving both regression and classification. It is regarded as a

generalization of boosting which is another popular machine-learning technique (Freund &
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Schapire, 1997). In boosting, information from previously grown existing trees is used to grow
several decision trees sequentially. Similar to RF, GBM is a decision tree-based ensemble method
(Friedman, 2001). This method generates the trees serially as opposed to RF. Each tree attempts
to improve the prediction in this manner by fixing the weaknesses of the previous one. As a result,
the model's prediction becomes more accurate. With regard to gradient boosting in particular, each
tree is fitted to the residuals of the prior model using a gradient decent algorithm that seeks to
minimize a loss function related to the entire ensemble (e.g. squared error).

Extreme Gradient Boosting is an efficient implementation of gradient boosting frameworks, which
introduced by (Friedman, 2001) as a tree ensemble model. It is a meta-algorithm that builds a
strong learner from a group of weak ones, typically using decision trees (Wang et al., 2018).
Effective tree learning algorithms and linear model solvers are included in this model. It can be
used to support a variety of objective processes, including classification, regression, and ranking.
In addition to efficiently analyzing billions of data points in distributed and parallel processing,
XGBoost models also enable users to clearly define their own goals (Alajali et al.,
2018). "xgboost" R package (Chen et al., 2019) can use for implement the model.

Support vector machines is a data mining technique that has gained power recently. Based on a
concept first presented by Vapnik, (1996), this algorithm was initially created to solve
classification problems. Then, this approach was expanded to address regression problems as well.
This method's central idea is to transform nonlinearly separable input data into a feature space with
greater dimensions where the data points can be separated linearly by a hyperplane. The data is
transferred into a higher dimensional space using kernel functions (@). A linear, non-linear,
sigmoid, or radial basis function could be the kernel function. Each kernel function has a unique
set of tuning-required parameters. Selecting the proper kernel function is also necessary to achieve
satisfactory results. For the polynomial kernel function to produce results that are satisfactory,
three parameters must be carefully chosen: degree of the polynomial (n), gamma (y), and C.
Generalized linear model is a classical statistical technigque that has been widely used to identify
the interactions between variables and to investigate different correlation structures by predicting
values of a (dependent) response variable from (independent) predictor variables.

2.5 Importance of Soil Organic Carbon and its Spatial Mapping

Studying and understanding the soil properties of a given soil and linking this information to the

ecosystem services provided by the earth is becoming a requirement. For instance, the changes in
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soil organic matter (SOM) content have become a key stressor on soil functioning over recent
years. SOM is a vital soil component that influences most of the activities related to soil
functioning and food production and is composed of 58 % carbon. Generally, SOM and soil
organic carbon (SOC) are frequently used equally in many quantitative ecological studies, and the
measured SOC content is used as a surrogate for SOM (Bailey et al., 2018; Owusu et al., 2020).
On the other hand, around 2 200 Gt (billion tons) of carbon is stored in the top meter of the world's
soils (Batjes, 1996) representing two-thirds of the world's total carbon stock, which is three times
the amount found in the atmosphere (Smith, 2012). Therefore, SOC remains an integral part of the
global carbon cycle, considering that soils and oceans represent the largest reservoirs of organic
carbon on Earth (Batjes, 2014; GSP, 2017; Lamichhane et al., 2019). It is essential to reduce
climate change impacts and adapt to attain the Sustainable Development Goals (FAO and ITPS,
2020). Soil organic carbon also significantly influences chemical and biological soil fertility, soil
structure, soil physical properties and crop production (Pouladi et al., 2019; Tiessen et al., 1994).
In addition, it helps decompose contaminants and serves as a habitat and energy source for soil
organisms that control pests and diseases (Owusu et al., 2020). Although the balance of soil organic
carbon in natural ecosystems is regulated by gains from vegetation cover and other organic inputs
(Smith et al., 2008), it is also crucial to understand that land use and agriculture, in particular, have
led to dramatic decreases in soil carbon stocks in the last 200+ years (agricultural and industrial
revolutions). According to Lal, (2004), agricultural operations have added 54 Pg C to the
atmosphere, with another 26 Pg C being lost from soils owing to erosion, while Wei et al., (2014),
said converting forests to differing agricultural land resulted in a 30-50 % decline in SOCS.

Monitoring, a precise, reliable view and knowledge of SOC at different scales have become
increasingly important, especially under many UN agreements (UNFCCC and Lima-Paris Action
Agenda), including those on desertification and climate change, and as part of the Sustainable
Development Goals. Additionally, thorough awareness of spatial SOC content across landscapes
has several advantages, including precision agriculture, land degradation monitoring,
environmental management, and propounding an executable C sequestration program (Sabetizade
et al., 2021). Such issues are also crucial for scientists, policymakers, and farmers. A
comprehensive description of SOC spatial distribution and changes could assist in forecasting the
consequences of climate change (Albaladejo et al., 2013). More recently, the spatial mapping of

soil organic carbon variability is in the spotlight, and a growing number of national and
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international initiatives have been launched worldwide. The Global Soil Partnership started a
campaign to map SOC globally in 2016 and produced the global map of SOC stock at 1 km
resolution on the topsoil in 2017 (Yigini & Panagos, 2016). Hengl & Wheeler (2018) described a
high-resolution SOC stock map that had soil samples taken from different soil depth intervals.
Using machine learning, the global gridded soil information system has produced soil properties
prediction maps, including SOC stock at seven standard depths (Hengl et al., 2017). Several
continental levels SOC maps have been constructed, such as the ones for Europe. For instance
Yigini & Panagos, (2016) mapped SOC stocks using climate and land cover change scenarios.
Panagos et al. (2013) utilised information from a European network to estimate and map soil
organic carbon. In Hungary, a significant quantity of information has been described on the spatial
distribution of SOC, including scientific papers and spatial soil information systems. It ranges from
pilot areas level to national scale. At the national level, Szatmari et al., (2019) studied the spatio-
temporal of topsoil organic carbon stock change in Hungary using the DSM technique, whereas
Jakab et al., (2016) described the organic carbon change at the farm scale. Furthermore, soil
organic matter resource maps and humus content maps have been produced based on the
Hungarian SIMS data since 1992. These maps described the organic matter content in different
depths at a 1:100.000 national scale, as well as studied the changes in humus content between
1992-1998 and between 2000-2004.
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3. MATERIALS AND METHODS
This chapter describes the materials and methods of two main components, first one is the

development of the MIR spectral library and soil property prediction, while the second is spatial
mapping of soil properties (SOC) based on the MIR spectral library (Figure 3.1).

3.1 MIR Spectral Library and Soil Property Prediction

This section describes the data resources used to build the MIR spectral library, laboratory
protocols for scanning soil samples, preprocessing spectral data, building soil properties prediction
models, and model performance accuracy. This is followed by the DSM based on the MIR spectral
library.

3.1.1 Resources of data and the MIR spectral library

The samples for the MIR spectral analysis were collected from soil archives of laboratories
(Velence, Szolnok) of the Soil Information and Monitoring System (SIMS). Two thousand two
hundred samples representing 10 Hungarian counties, 542 sampling locations out of the 1236
and the first year of the SIMS survey (1992) were collected for spectral reading between 2019
and 2020. The ten counties are the following: Baranya, Fejér, Komarom-Esztergom, Nograd,

Pest, Tolna, Bacs-Kiskun, Békés, Csongrad and Jasz-Nagykun-Szolnok as shown in the Figure

3.1.2 Preparation and scanning of soil samples

Since the shape of the mid-infrared spectrum and the accuracy of their model prediction are
affected by soil structure and texture (Richter et al., 2009), soil sample preparation is critical in
providing reliable measurements (Viscarra Rossel et al., 2008).

Previously, all soil samples have been air-dried, grounded, and sieved (< 2 mm), with the
remaining part stored in SIMS archives in plastic containers at room temperature (TIM, 1995). 300
g from each sample were bagged in plastic bags and shipped to the Hungarian University of
Agriculture and Life Sciences (MATE) Department of Soil Science, G6d6116 soil laboratory. The
coning and quartering method was used to obtain 20 g of soil subsamples, which were then fine-
grinded by hand using an agate pestle and mortar. Samples were not mixed with alkali halides to
avoid interferences that may cause ion exchange between KBr powder and soil sample (Janik et
al., 1998).
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Figure 3. 1. Flowchart of the main methodology steps
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The prepared soil samples were put into aluminium sample cups, and the loaded samples were
placed in the sample holding tray one by one. Excess soil was removed to reduce sample surface

roughness, and the surface was levelled with a straight-edged tool.
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Figure 3.2. Spread of sampling points according to counties in Hungary

3.1.3 Diffuse Reflectance Infrared Fourier Transform Spectroscopy (DRIFT)

Following Nguyen et al. (1991) and Janik et al. (1995), the Diffuse Reflectance Infrared Fourier
Transform Spectroscopy (DRIFT) technique, the Bruker Alpha Il with a spectral range of 2500 —
25000 nm (4000 — 400 cm™) was used to scan the 2200 soil samples given for this study. A scan
of the gold background was taken before measuring each sample to account for temperature and
moisture content variations. This method uses mid-infrared spectroscopy techniques since the gold
does not absorb infrared light as mentioned by Nash, (1986). Every soil sample was read three
times using three subsamples, and each spectrum was produced from 48 scans. Soil spectra were
measured following the protocol proposed by the World Agroforestry Centre (Dickens Ateku,
2014). The information collected for all spectra was saved with the FTIR spectrometer OPUS

software.
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3.1.4 Soil reference data

Physical and chemical soil parameters were determined at the genetic soil horizon level using
conventional laboratory methods in the SIMS project and have been stored in the project database
since 1992. Table 3.1 represents soil properties and their reference laboratory methods. TIM
(1995) gives details for reference laboratory methods used in the SIMS conventional database. The
conventional database was subjected to quality and consistency checks before being used as soil

reference data for calibration models.

Table 3. 1. Soil attributes and referenced methods

Soil property Unit Reference method
Organic carbon % Szekely’s method
pH H20 unitless Potentiometric method

(Mclean, 1982)

Calcium Carbonate content (CaCO3) % Scheibler method
(Nelson, 1982)

Cation Exchange Capcity (CEC) cmol(+)/kg Modified Mehlich method
(Buzas, 1993)

Exchangeable Calcium (Ca**) cmol(+)/kg Modified Mehlich method
(Buzas, 1993)

Exchangeable Magnesium (Mg**) cmol(+)/kg Modified Mehlich method
(Buzas, 1993)

Total Water Capacity (pF0) cm Hygroscopic measurement

Bulk Density (BD) g/lcm3 Undisturbed samples method

Soil texture % Pipette method

3.1.5 Spectral data preprocessing and transformations

Applying preprocessing methods to spectral data might enhance the accuracy of quantitative soil
analysis (Rinnan et al., 2009). Absorbance spectra were preprocessed with a moving average
window of 17 bands. The technique reduces and removes noise that represents random fluctuations
in the signal.

3.1.6 Outlier detection

Estimating soil properties from large spectral databases might be challenging, resulting in
increased prediction errors (Stevens et al., 2013). Chemometric procedures can deal with the
complexity of spectral data (Ramirez-Lopez et al., 2013) through statistical tools and mathematical
methods (Varmuza & Filzmoser, 2016). The first step in chemometric analysis is defining samples

that should be considered outliers.
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Principal Component Analysis (PCA) was applied to reduce the dimensionality of the spectral
dataset and improve computational efficiency for our data’s different model scenarios. Also, it can
be exploited to generate a small number of explanatory factors with significant variations (Reyna
et al., 2017). Scores of PCA were used to understand and examine the spectral library structure.
The Mahalanobis distance calculation was carried out to remove the outliers on principal
component scores of spectral data. The samples with a Mahalanobis dissimilarity larger than one
were considered outliers based on standard arbitrary threshold methods.

3.1.7 Calibration sample selection

When dealing with large spectral libraries, including the entire data set in the calibration models
might be undesirable. Kennard-Stone Sampling (KSS) (Kennard & Stone, 1969), k-means cluster
sampling (KMS) (Nas, 1987), and Conditioned Latin Hypercube sampling (CLHS) (Minasny &
McBratney, 2006) are the most widely used methods for selecting samples that should be used for
calibration, namely to train the models. In this study, a representativity analysis was performed to
determine the number of samples for model calibration. Kennard-Stone Sampling (KSS) method
was used to determine the samples for calibration sets. The remaining samples were retained as
validation set. Figure 3.3. represents the sample distribution of the calibration dataset based on

Kennard-stone sampling.

Kennard-Stone selection, n = 250

Main component 2
0
1
[ ]

Main component 1

Figure 3.3. Kennard-stone sampling distrbutions
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3.1.8 Building of spectral prediction models

Before building the models, the mid-infrared spectral library and soil reference data, including the
depths of horizons, were merged into one dataset. The dataset was split into three modelling
scenarios: the “10-county” scenario included all the samples involved in the study without any
grouping. “County scenario” is where the samples are grouped according to the country they
belong to. “Main soil type scenario”, the samples were grouped according to the major soil class
they belong to according to the information provided in the SIMS legacy soil database. In each
scenario, the dataset was split into calibration and validation sets, and individual spectral models
were established. Figure 4.2 illustrates the dataset distribution for nine soil properties at 10 county
levels in the calibration and validation set. No transformation methods were used for un-normal
distribution or skewed datasets during the model analysis. PLSR was introduced by (Lorber et al.,
1987), which is the widely used approach (Burns & Ciurczak, 2007) for estimating physical and
chemical soil characteristics (Johnson et al., 2019). It aims to estimate a collection of dependent
variables (soil attributes) by choosing a subset of 'orthogonal’ components from the spectra (or
latent variables). The following are the equations of PLSR:

X=TPT+E 1

Y=UQ"+F 2

Where X is predictor variables, Y is response variables, T and U are score matrices, P and Q are
loading matrices, E is the matrix of residuals for X, and F is the matrix of residuals for Y. In this
research, the statistical models were fitted between latent variables (mid-infrared spectral library)
and response variables (soil attributes) based on a calibration set using the highest number of
principal components and the oscorespls method (Wadoux et al., 2020). The number of factors
was determined by plotting the Root-mean squared error of prediction (RMSEP) of the models.
The number of factors with the lowest RMSEP were selected. The PLSR regression coefficients
were plotted using the number of components for each soil property. The built PLSR models and
the appropriate number of components were used to predict soil properties using spectra on the
calibration and validation datasets.

R software (R Core Team, 2022) was used for spectral visualisation, analysis and modelling
processes. Simplerspec package (Philipp, n.d.) was used to read and extract spectral data directly

from Bruker OPUS spectra files. Simplerspec includes several functions and operators used for
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data preprocessing and splitting which was introduced with the magrittr package (Stefan Milton
et al., 2020). Models development and predictions were performed using the caret package
interface (Max et al., 2016) and the PLSR function from the pls package (Mevik et al., 2016).
3.1.9 Models performance and accuracy assessment

Soil attribute model performance was assessed by comparing predicted and measured values using
three metrics. Coefficient of determination (R?), ratio performance to deviation (RPD) and root
mean square error (RMSE) were used to determine the goodness and inaccuracy of the model's
predictions. Prediction reliability based on coefficient of determination and ratio performance to
deviation values classified the regression models into three categories: RPD > 2: “good” models
that predicted with an acceptable or high level of accuracy; RPD ranging from 1.4 to 2:
“satisfactory” models that had a medium level of prediction and might be improved and RPD lower
than 1.4: “unreliable” or poor models with no predictive abilities. The smaller the RMSE value,
the higher the reliability and accuracy of the models. RPD is widely used to determine the

consistency and correlation of observed and predicted values (not of accuracy).

" 3
Z (obsj—pred; ) 2
— i=1

R2 Z;;l(obs,-—obs) 2

1
RMSE = \/; Z:;l("bsi — pred;) 2

RPD = s,/RMSE 5

pred indicates the spectral library's predicted value, while obsi and obs represent the observed
value average and observed value of reference soil database respectively n represents the sample
number, while, s,, the observed values' standard deviation. eval function of R was used to derive
the goodness measurement of prediction and validation models.

3.2 Soil Organic Carbon (SOC) Content Mapping

This section deals with SOC content mapping based on the MIR spectral library and wet chemistry,
which describes the harmonisation of soil profile data, download and preprocessing of

environmental covariates, and modelling and prediction of SOC.
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3.2.1 Study area

The study area was in Hungary's central region, representing 10 Hungarian counties, including
Baranya, Fejer, Komarom Esztergom, Nograd, Pest, Tolna, Bacs-Kiskun, Bekes, Csongrad and
Jasz-Nagykun-Szolnok. It bounded approximately between the 46.010°N and 48. 010°N latitudes
and 16. 010°E and 22. 010°E longitudes (Figure 3.4). The study site covers around 27,236 km of
the total area of Hungary and contains a wide variety of climatic conditions, parent materials,
landscapes and soil types. These soils were formed on relatively young rock, with a small part
covered by soils formed older than the parent material. The soils in the study area belong to the
following main soil types: Chernozem soils, Brown forest soils, Alluvial and colluvial soils,
Meadow soils, Skeletal soils and Salt-affected soils. The climate in Hungary is typically described
as continental, with cold winters and warm to hot summers. Even though spring and autumn are
mild seasons, there are often abrupt temperature changes. There aren't many climatic differences
between the various areas, though the east has a slightly more continental climate, and the south
has a milder winter. Figures 3.6 and 3.7 represent the average temperature and distribution of

rainfall in the study area, respectively.
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Figure 3. 4. Study area location map and points distribution
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3.2.2 Soil database

Two soil datasets were prepared and used for producing digital soil maps in this study. First, the
wet chemistry SOC content dataset (soil reference data) was used to build a model and create a
SOC map. Secondly, the predicted SOC content dataset from the MIR spectral library (first section
of materials and methods) was used to build a model for mapping SOC as a novel technique instead
of traditional laboratory methods. The “10-county” level SOC values that produced good model
results from the validation dataset were predicted from the whole dataset, standardised and
exported to CSV comma delimited format in MS Excel. The main soil dataset used in this study is
made up of a total of 2200 soil samples, corresponding to horizons of 542 soil profiles. The SOC
map from the wet chemistry dataset was used only for comparison, and the accuracy of the
predicted SOC map from MIR data was checked.

3.2.2.1 Harmonization of soil profiles database

Generally, the characteristics of the soil change continually with depth and across the landscape.
Soil sample data is usually collected by the genetic soil horizons. Rather than closely within
pedogenetic layers, estimating the values of soil attributes at arbitrary depth levels is sometimes
essential. Because the soil samples of the SIMS project were taken from each genetic soil horizon,
the SOC dataset for both predicted and wet chemistry has variable soil depths incompatible with
SOC spatial estimates. The spline fitting algorithm, introduced by (Malone et al., 2009), which is
an extension of the Bishop et al. (1999) method, was used as pretreatment for both SOC point
datasets (SOC datasets based on MIR and wet chemistry) with lambda 0.1 to standardise depths.
The lambda parameter was used to set the smoothness of the spline function. These spline functions
consider continuous variations of SOC with depth and respect average values of SOC. The spline
tool takes the soil points dataset, fits it to a mass-preserving spline, and outputs attribute means for
standard depth intervals. This includes cases where layers are not contiguous. The spline function
output summed SOC values for the required depth intervals (0 — 30 cm), which correspond to the
interval averages. A standalone application (spline tool version 2.0) was used to calculate spline
fitting depths. Predicted SOC and wet chemistry SOC values at depth 0 — 30 were standardised to
the CSV comma delimited format in MS Excel; each value was linked with its coordinates
(longitude and latitude) and used as a soil database for this study. The soil dataset was transformed
into spatial data using Coordinate Reference System CRC (EPSG:4326 - WGS 84). The spatial
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distribution of the predicted and wet chemistry SOC content points and their values within the
study area are shown in Figures 4.4 and 4.5.

3.2.3 Environmental covariates

Based on the DSM literature, pedological data, and their relevance to SOC, a wide range of
environmental covariates layers (32) were prepared in our database to represent key soil-forming
factors. Some covariates with a low spatial resolution (STRM 300 m and land cover 300 m) were
removed from the database. A set of 21 environmental covariates was used for this study (Table.
3.2). These attributes were checked to be consistent with the SCORPAN model proposed by
(McBratney et al., 2003). Environmental covariates were derived from different spatial datasets to
effectively represent each key soil-forming factor, including climate, organisms, relief, parent
material and spatial location that affect soil organic carbon spatial variation. In addition, selected
environmental covariates were tried to be also consistent with management techniques as
described by (Ingram & Fernandes, 2001; Rabbinge & van Ittersum, 1994) that used factors such
as plant productivity, soil management techniques, erosion, tillage, residue clearance, disturbed
biology, drainage, and other factors, determine actual soil organic carbon levels for predicting soil
organic carbon content of soils. Like the SOC points dataset, environmental covariate layers were
projected to a Coordinate Reference System (EPSG:4326 - WGS 84) at a spatial resolution of 30

m.

Table 3. 2. Summary of environmental covariates used in the prediction of SOC content

Type Source Format Name Resolution
Relief ALOS World 3D Geo-Tiff DEM 30m
Global Digital Surface Model Aspect 30m
Plan Curvature 30m
Profile Curvature 30m
Slope 30m
Topographic Wetness Index 30m
Channel Network Distance 30m
Valley depth 30m
Organism USGS EarthExplorer Geo-Tiff Landsat 5- band1 (450-520 nm) 30m
Landsat 5 - band2 (520-600 nm) 30m
Landsat 5 - band3 (630-690 nm) 30m
Landsat 5 - band4 (760-900 nm) 30m
Landsat 5 - band5 (1550-1750 nm) 30m
Landsat 5 -band6 (10400-12500 nm) 30m
Landsat 5 - band7 (2080-2350 nm). 30m
USGS EarthExplorer Geo-Tiff NDVI 30m
GlobeLand30 Geo-Tiff Landcover 30m
Climate WorldClim Geo-Tiff Precipitation (mm) 1000 m
1970-2000 Temperature avg (°C) 1000 m
Temperature max (°C) 1000 m
Temperature min (°C) 1000 m
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3.2.3.1 Digital elvetion model

It is widely accepted that variations in topography and vegetation significantly impact SOC among
all soil-forming factors. The relief was represented by the terrain, which is the vertical and
horizontal dimension of the land surface and described in a digital model known as the Digital
Elevation Model (DEM). Terrain attributes from a DEM are frequently used to estimate soil
properties such as SOC (McKenzie et al., 2000). Seven bands of Advanced Land Observation
Satellite ALOS (Tadono et al., 2016) Global Digital Surface Model with a resolution of 30 m were
downloaded, mosaic, and clipped based on the study area (Figure 3. 5). The important landscape
attributes for DSM are known as terrain attributes. They are derived from DEM using terrain
analysis. Sets of conventional geomorphometric terrain attributes found in the DSM literature were
generated from the DEM of ALQS, and the sinks were filled out (Planchon & Darboux, 2002)
before the terrain analysis. The derivatives are plan curvature, aspect, topographic wetness index,
slope, channel network distance, valley depth, and profile curvature. Table 3.3 gives a summary
of these attributes. The fill sinks technique and basic terrain analysis procedures were applied using

the SAGA GIS software (Conrad et al., 2015).
Table 3. 3. Terrain attributes for DSM

Terrain attribute Unit Defntion
Slope [rad] Inclination of the earth surface or average gradient above flow path
Aspect [rad] direction of slope or the compass direction of the maximum rate of change
Plan curvature [m Unclassified demonstration of the earth' surface curvature (bulge) across the
direction of aspect
Profile curvature [m Classified demonstration of the earth' surface curvature (bulge) in direction of
aspect
Topographic wetness uniteless Potential supply of soil water
index
valley depth [m] refers to the vertical distance to a channel network base level
channel network [m] The network through which water travels to the outlet
distance
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Digital Elevation Model

18°5'40E 19°6'0"E 20°6'20'E 21°6'40"E
1 1 1 1

48°0'0'N
1
48°0"

47°0'0'N
1

46°00'N
1
46°01

Coordinate System: GCS WGS 1984 Legend
Datum: WGS 1984 DEM [ 110.1- 170.8 [ 261.8- 402.1
Units: Degree
0 % i uou Bl 151101 [ | 1708-261.8 [ 402.1- 952

Figure 3. 5. Digital elevation model — ALOS map

3.2.3.2 Climatic data

Climate (C) was represented using precipitation and temperature (Table. 3.2). Climate data such
as precipitation and temperature are the most crucial elements that influence the parent materials'
weathering and net primary productivity, which has a more significant impact on SOC
accumulation (Weil, R., Brady, 2016). Basic climate variables expressing historical temperature
(minimum, maximum and average) and precipitation were selected and downloaded from the
WorldClim Database version 2.1 (Fick & Hijmans, 2017) at a 1 km? spatial resolution. These data
layers were created by interpolating monthly average climatic data from weather stations onto a
grid with a resolution of 30 m. The main output of this interpolation is the Geo-TIFF layers of the
average of the years 1970-2000, layer for each month of the variables. Twelve bands for each
category (minimum, maximum and average temperature and precipitation) were extracted, clipped
and stacked in one layer, and then the average was calculated for each layer. Figures 3.6 and 3.7
represent average temperature and precipitation spatial data converted to a spatial resolution of 30
m.
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3.2.3.3 Optical orbilal data

In this study, organisms were characterised by land cover, Landsat 5 (TM) and Normalized
Difference Vegetation Index (NDVI) maps (Table. 3.2). Land cover map was obtained from
GlobeLand30 (Global Geo-information Public Product) (Jun et al., 2014). Updated GlobeLand30
is a 30 m spatial resolution global land cover map produced in 2020. It encompasses ten classes:
Forest land, grassland, cultivated land, shrub land, wetland, water body, tundra, artificial surface,
bare land, glaciers and permanent snow cover. GlobeLand30 classified images were developed
mainly from 30 m multispectral (TM5, ETM+ and OLI multispectral images) of the US Landsat
and China Environmental Disaster Mitigation Satellite (HJ-1) multispectral images. The
N33 45 2020LC030 and N34 _45 2020LC030 GlobeLand30 land cover bands were downloaded,
mosaiced in one band, and clipped based on the study (Figure 3.8). Remote sensing-based spectral
bands and (NDVI) derived from the remote sensing imagery are useful covariates for predicting
SOC where vegetation is correlated with SOC levels (Lamichhane et al., 2019). Generally,
measuring the spectral properties of organisms, soil, and parent material is very helpful using
freely available remote sensing, particularly Landsat data (Boettinger, 2010).

Because our soil samples were legacy samples, seven bands of Landsat 5 (TM) collection 2 Level-
2 Science products processing data (Archive USGS EROS, 2020) at a 30-meter spatial resolution
were downloaded from the USGS Earth Explorer to represent organisms as well as soil, and parent
material and to support SOC estimation over the time of soil samples collection since 1992 (Table.
3.2). A total of 7 paths and rows (188/026, 188/027, 188/028, 187/028, 187/027, 186/027 and
186/028) were acquired from 15 to 25 October 2000 with cloud equal zero imagery as well as were
mosaic in one band and clipped based on the study area. This date was selected due to the cloud-

free nature of the area as well as the amount of biomass.
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Spectral indices NDVI was derived from Landsat 5 (TM) collection 2 Level-2 satellite imagery
with 30 m spatial resolution to determine the variation of vegetation cover and prediction of the
SOC as described by (Sinha et al., 2015), using the formula:
NDVI=NIR -RED/NIR + RED

NIR: Near-infrared (Band 3), RED: Red (Band 4) of Landsat (TM)

The NDVI is the ratio of the multispectral images' near-infrared (NIR) and red bands (Figure 3.9).
NIR and red multispectral bands from Landsat 5 (TM) were acquired from 15 to 25 October 2000.
NDVI is one of the most widely used multispectral indices, and it is suitable for vegetation
monitoring because it takes care of changing illumination conditions, surface slope and aspect
(Lillesand & Kiefer, 1987). The NDVI gives an estimation of vegetation health and ranges from
—1 to +1 (Bangroo et al., 2020). The NDVI value for water is < 0; bare soils between 0- 0.1 and
vegetation over 0.1. An increase in the positive NDVI value means greener vegetation. To
harmonise the different environmental covariates as well as since they were obtained from various
origins, all predictor variables were re-project to a Coordinate Reference System EPSG: 4326 -
WGS 84 - Geographic, then resampled all to Landsat5 (TM) pixel size, lines, columns and
georeference corner (standard 30 m grid system). The nearest neighbour resampling technique was
applied. In this stage, to display, subset, merge, mosaick, and re-project the layers, QGIS Desktop
(QGIS Development Team, 2020) version 3.18.2 with grass 7.8.5 was used, while ILWIS (Allard
M.J. et al., 1988) version 3.3 was used for checking the lines and columns list; pixel size;
coordinate system; resampling and remove the un-defined area of all layers before export to R. It
is much more efficient to stack all the raster layers into a single object when the covariate dataset
is of a common resolution and extent rather than working with each one separately. Since all 21
environmental covariates layers have the same resolution and extent, all of them were stacked and
saved as one raster (GeoTIFF) file using the stack() function of the R raster package. (Hijmans,
2018). Before incorporating the selected covariates in the modelling, performing digital soil
mapping and assessing the importance of environmental covariates in explaining the spatial
variation of the SOC variable under study, both sets of environmental layer and soil dataset should
link together and extract the values of the covariates at the locations of the soil point data. The
latter environmental covariates stacked raster was intersected (overlay and extract) with the soil
organic carbon content point dataset. This was done by using the extract() function in the R raster

package.
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3.2.4 Data evaluation and assessment

Normal Quantile and Cumulative Probability methods were used to assess the normality of the
distribution of SOC with a quantile-quantile plot (Thode, 2002). These plots represent SOC data
values vs quantiles based on a normal distribution. The generic gqgnorm function of the stats
package was used to produce the QQ plot of the dataset, while the qgline function was used to add
a line that passes through the probs quantiles, by default the first and third quartiles.

Moreover, to quantify and reveal the linear relationship between the environmental variables with
SOC value, Pearson's correlation coefficients between 21 environmental covariates and both SOC
datasets (predicted SOC from MIR and SOC-based wet chemistry) were calculated separately and
presented in Figure 4. 10 and figure 4. 11 respectively, through using the R cor() function, as
suggested by Ciampalini et al., (2012) and De Carvalho et al., (2014). The p-value in Pearson's
correlation determines whether two variables are statistically correlated. The last four steps were

implemented in R software (R Core Team, 2022).

3.2.5 Modelling SOC content and spatial prediction map

The environmental covariates of this study were chosen for the models according to their spatial
resolution and the correlation between the selected layers. Two different modelling scenarios were
prepared to evaluate the performance of the MIR spectral library for spatial predicting SOC
content. The first one included environmental covariates and a predicted soil organic carbon
content dataset. In contrast, the second one contains environmental covariates and wet chemistry
soil organic carbon content dataset (referenced). To obtain the most accurate model for predicting
soil organic carbon content, a wide range of models was fitted and compared for the two scenarios
including random forest (RF), stochastic gradient boosting machine (gbm), support vector machine
(SVM), extreme gradient boosting machine (xgboost) and generalised linear model (GLM), based
on the coefficient determination (R?), root mean square error (RMSE) and mean absolute error
(MAE). These statistical measures showed that the random forest had the best performance and
was chosen for predicted spatial SOC content for both datasets. The train function of the caret R
package was used to fit the different comparable models, while resamples and dotplot functions
were used to analyse and visualise the results. Before building the different models, the whole
DSM datasets of each scenario were normalised using the BoxCox (Bickel & Doksum, 1981)
method. Then, they were randomly split into training datasets with 382 (70%) observations and

testing datasets with 160 (30%) points, which were used for model validation. The repeated 10-
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fold cross-validation method with the parameter trControl in the train() function was used to fit
the models. More explanation about train function and parameter trControl of caret package in
(Malone et al., 2017). In this study, random forest models were used to establish relationships
between the environmental covariates and the soil database based on training datasets with 382
(70%) observations to predict and map SOC content spatially. SOC predictive models were tested
for prediction from MIR and wet chemistry datasets using the R package randomForest (Liaw and
Wiener, 2002). Before fitting random forest models between the SOC content values and the
environmental covariates, the hyperparameters mtry were fine-tuned as well as the number of trees,
then when training the random forest models, different values for the tuning parameters were
tested. A repeated 10-fold cross-validation method was used to evaluate the performance of
random forest fitting. To determine how the final random forest model outputs of both scenarios
would appear on the maps covering Hungary's ten counties, final fitted random forest models were
used to predict the nodes of a 30 m grid using covariate table methods described in (Malone et al.,
2017).

3.2.6 Validation and models goodness

Validation provides valuable information about the final prediction map's quality. It determines
whether model predictions are significant compared to measured values. Prediction accuracy
assessment was measured by the difference between the observations and the predictions in the
validation datasets, with 160 (30%) points not used in the calibration process for completely
unbiased assessments of model quality. Performance models were examined by using a set of
accuracy metrics that are commonly used in digital soil mapping: root mean square error (RMSE),
coefficient of determination (R%), and mean squared error (MSE). The RMSE show the precision
of the relationships; in cases where data were not measured, the RMSE is typically used to
calculate the error or uncertainty associated with estimates. The smaller the RMSE value, the
higher the reliability and accuracy of the models. The R? shows the accuracy of the prediction
models, and the optimum value is 1.0

The goof function of the ithir R package was used to derive the goodness measurement of
prediction and validation models. The R environment (R Core Team, 2022) was used to build and

perform the models.
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4. RESULTS AND DISCUSSION
This chapter shows the results and discusses two main components. The first one was the MIR

spectral library-based soil property prediction, while the second was spatial mapping of SOC.

4.1 Visual interpretation of the recorded spectra

This section presents and discusses the Hungarian Mid-Infrared spectral library and the estimation
of soil attributes.

The legacy soil samples of the SIMS project represent a huge part of Hungary's soils. The
Hungarian MIR spectral library of the typical soil profiles and all soil samples at various depths
reveals absorption signatures consistent with the criteria in Figure 4.1. The spectral curves of
recorded minimum and maximum absorption values showed wide variation in absorption
intensities. Differences in physical and chemical soil properties impact the shape of the spectrum
curves. Several absorption bands linked to specific functional groupings were identified (Figure
4.1). The hydroxyl stretching vibrations of kaolinite, smectite, and illite are thought to be
responsible for the absorption bands between 3800 and 3600 (1/cm). More specifically, the
absorption peak at 3620 (1/cm) might be due to clay minerals; a similar result was obtained by
(Nguyen et al., 1991). The wide band around 3400 (1/cm) may be caused by hydroxyl stretching
vibrations of water molecules in 2:1 mineral; on the other hand, certain exchangeable cations
influence the position and strength of this band (3400 1/cm). Its position falls in K*, Na*, Ca?*and
Mg?*, corresponding to the cation's increasing polarising strength (charge/radius). These findings
agreed with the results of some authors (Madejova, 2003; Tinti et al., 2015). The presence of
carbonate in soil was detected by diagnostic absorption bands. Bands around 2592, 2515 and 720
(1/cm) were attributed to calcite while the peaks at 2510, 1479-1408 and 887-866 (1/cm) were
assigned to carbonates. The existence of quartz was recognised by absorption bands at about 2000,
1870 and 1790 (1/cm), respectively, which is consistent with the result by (Janik et al., 2007;
Rossel et al., 2008). Quartz mixtures were confirmed by a band at 798 and near 779 (1/cm). Even
though soil organic matter spectra include vast and overlapping regions, our spectra showed some
bands of SOM function groups in Figure 4.1. The absorption bands at 2930 and 2850 (1/cm)
attributable to alkyl material are especially effective for detecting organic materials in soils. The
spectra also displayed absorption bands due to C=0 stretch of carbonyl C (1720-1700 1/cm),
proteins (1640 and 1530 1/cm), aromatic amines (1342-1307 1/cm), carbohydrates (near 1100—
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1050 1/cm) and Lignin (835 1/cm) in soil organic matter which were same finding as (Kaiser et

al., 2011; Skjemstad & Dalal, 1987; Tinti et al., 2015).

Spectra recorded in the frame of the study

Absorbance

15

1.0

4000 3500 3000 2500 2000 1500 1000 500

Wavenumber (1/cm)

Figure 4. 1. Absorbance mid-infrared spectral library data

4.2 Summary Statistics of Spectral Library Soil Attributes

The distribution of the soil attributes at the “10 county” level is represented by Figure 4.2, while
tables (4.1 — 4.9) show the summary statistics of calibration and validation sets for soil types,
counties and “10 county” level that were used in the modelling of the nine soil attributes. The soil
attributes of the spectral dataset showed wide-ranging distributions, and based on frequency
histograms, many of them are skewed from the normal distribution (Figure 4.2). These factors
were expected in this database because samples were derived from different depths and horizons
of soil types at wide spatial variability covering several variations of climatic conditions,

geological formation and parent material, land cover and human activity.
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Figure 4. 2. Distribution of dataset for soil properties.
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Calibration and validation datasets contained comparable mean ranges, demonstrating the partition
of data was somewhat balanced with some narrower differences ranges for some soil attributes.
This is a positive indication that the selected validation points were within the feature space of the
calibration set, which may lead to increased prediction reliability and effective model assessment.

Calibration and validation histograms of some soil properties are shown in Figure 4.3.
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Figure 4. 3. Calibration and validation distribution datasets for some soil properties at Skeletal soils type level.

4.3 Principal Component Analysis — Outlier detection

Principal component scores plot of the overall data structure and Mahalanobis outlier samples are
shown in Figure 4.4, respectively. The first three PCs accounted for 63 % of the variance in the
spectral data. In soil type levels, the PC1 accounted for most of the variability in the spectral data.
It ranged between 33 - 34 %, while the other successive components (PC2 and PC3) explain a
smaller percentage of the remaining variability in the data, ranging between 11 - 21%. For the

county scale, the variance in PC1 ranged from 32 - 36%, and the remaining PC1 and PC2 together
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ranged between 10 to 19 %. These few components with lower dimensions explained the variation
in the spectral data and showed different spectral distribution patterns in the counties. Figure 4.4
indicates that eight samples were observed as outliers (wmahald > 1) at the “10 counties” level,
scattered randomly. Among spectral data from 10 Hungarian counties, only two sample outliers
were detected in Pest County and one outlier in Fejer and Tolna counties, respectively. Also, one
sample regarding soil types was detected as an outlier in Meadow soils and skeletal soils. Detected
outlier samples were filtered out from the mid-infrared spectral library data set at different levels
of the scenarios, and further investigation and calibration were performed on the remaining

samples.
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Figure 4. 4. location of outliers detected from PCs.

4.4 Regression Coefficient of PLSR Models:

The PLSR allows models to be displayed and plotted specifically through regression coefficients
in each wavelength. The plots of PLSR regression coefficients vs wavelength for calibration
models of the nine soil attributes at “10-county” level data are shown in Figure 4.5. The regression
coefficient illustrated the association between the mid-infrared frequencies and the soil
constituents. Wavelengths with large positive or negative regression coefficient values are more

influential and, thus, may have a more significant influence on the final predicted values (Beebe
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& Kowalski, 1987). Positive peaks belong to the interest components, whilst negative peaks refer
to interfering components (Viscarra Rossel et al., 2006).

The soil organic carbon prediction model includes several distinct bands; peaks between 1600 and
1400 (1/cm) were observed and were attributed to amides, aliphatic acids, and alkyl, while the
peaks from 1342-1307 (1/cm) were linked to aromatic amines groups of organic materials in soil,
and those near 1100-1050 (1/cm) was attributed to carbohydrates and sugars (Figure 4.5). It's
worth mentioning that some important wavelengths for the CEC prediction model are almost
similar to those for clay diagnostics. For instance, the weak bands at 400 (1/cm) and significant
broad wavelengths between 1000 and 1500 (1/cm). Those near 1238, 1020 and 920 (1/cm) may
also represent the silicate, AI-OH lattice vibrations and deformation of kaolinite vibrations,
respectively. Figure 4.5 shows the most influential bands for predicting total sand observed at
spectral regions near 1500, 1300 and 1200 (1/cm). The spectral regions reflect the combination
bands of quartz and other silicate structures. Figure 4.5 also shows an inverse relationship between
clay and sand content, as displayed in their prediction model bands. For example, while the spectra
of total sand show negative coefficients near 200 and 700 (1/cm) and a positive peak near 500 and
1300 (1/cm), the opposite is true for the coefficients of clay. The important bands for predicting
exchangeable calcium are those near 400, 900, 1300, 720 and 1800 (1/cm), with the latter two
bands attributed to diagnostic peaks for calcite (Figure 4.3), which agreed with the result by
(Nguyen et al., 1991). The peak bands for model prediction of exchangeable magnesium are those
near 400 and 1200 (1/cm), in addition to bands near 1440, 1470, and 875 (1/cm), which are
representative of carbonate and may be caused by the presence of magnesium carbonate and
dolomite (Figure 4.5). Regression coefficients for exchangeable Ca and Mg prediction models are
identical in many spectral regions to those of clay and organic matter, demonstrating that these
soil properties are associated (Figure 4.5).
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Figure 4. 5. PLSR models' standard regression coefficient for predicting SOC, CaCO3, sand, clay, silt, CEC, Exch. Mg, Ca and
pH water

4.5 Prediction of Soil Properties for National, Counties and Soil Types Models

4.5.1 Soil organic carbon content

Descriptive statistics and model results of organic carbon content are shown in Table 4.1. The
models' performance assessment of SOC showed high prediction accuracies for most of the

calibration and validation dataset scenarios. The “10-county” carbon content (1.35 and 1.21 %)
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produced excellent models in both the calibration set (R? of 0.81, RPD of 2.23 and RMSE of 0.5)
and validation set (R?> = 0.80, RPD = 2.28 and RMSE = 0.46). For soil types, the soil organic
carbon content was accurately predicted with R? ranging from 0.99 to 0.76 and RMSE from 0.09
- 0.55 in the calibration model, while R? and RMSE varied from 0.88 — 0.68 and 0.35 to 0.50,
respectively, in the validation model. Salt-affected, Brown forest, alluvial and colluvial soils
presented the best models. In contrast, Skeletal soils presented a lower result, possibly due to the
high sand and gravel content in these soils. These results were expected since most Hungarian soils
have high organic carbon. The only unexpected result was from Chernozem soils. For county
scenarios, soil organic carbon content prediction within ten counties showed that six counties had
R?>0.90. In comparison, only two counties had R? < 0.75 in the calibration set, while six counties
had R? > 0.75 in the validation set. The county with the highest prediction model in the calibration
set was Komarom Esztergom with R? of 1, RMSE of 0.01 and RPD of 125.8. Variations in results
were due to the variety of soil types and different land management practices in these counties.
Moreover, the existence of carbonates in soil could affect the predictions of soil organic carbon
(Reeves & Smith, 2009). Similar results with a high prediction model for SOC were found in some
spectral libraries studies by (Baumann et al., 2021; Rossel et al., 2008). In addition, (Ng et al.,
2022), through numerous studies, observed excellent predictions of soil organic carbon with R?

ranging between 1.0 and 0.80.
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Table 4. 1. PLSR model values, descriptive statistics and results of calibration and validation prediction models of SOC

Calibration set

Validation set

SOC % n Min | Max | Mean | R? RMSE | RPD n Min | Max | Mean R? RMSE | RPD

“10 county” 241 | 0.02 | 6.72 | 1.35 | 0.81 0.57 223 | 1959 | 0.01 | 6.56 1.21 0.80 0.46 2.28
Pest 98 | 0.05|534| 118 | 0.93 0.33 3.70 294 | 0.01 | 5.07 1.16 0.85 0.40 2.55
Baranya 70 | 0.04 | 514 | 1.06 | 0.92 0.31 3.65 141 | 0.10 | 3.78 0.88 0.81 0.33 2.33
Fejer 49 | 0.02|6.26 | 159 | 0.90 0.49 3.28 186 | 0.03 | 4.65 1.38 0.68 0.60 1.76
Komarom 35 [ 0.01]430]| 093 | 1.00 0.01 125.8 | 125 | 0.01 | 4.48 0.89 0.52 0.67 1.45
Esztergom

County Nograd 55 1011|407 | 111 | 0.81 0.41 2.35 88 | 0.14 | 4.01 1.26 0.71 0.47 1.86
Tolna 39 [ 012 ]6.72| 1.67 | 0.99 0.16 10.23 | 153 | 0.13 | 4.50 1.27 0.77 0.43 2.08
Bacs-Kiskun 98 | 0.07 | 5.20 | 1.02 | 0.74 | 0.49 1.98 186 | 0.07 | 2.97 0.69 0.79 0.30 2.20
Bekes 70 | 0.14 | 576 | 1.54 | 0.96 0.24 5.29 132 | 0.23 | 3.69 1.57 0.85 0.39 2.56
Csongrad 50 | 011|574 | 112 | 0.67 0.66 1.77 116 | 0.10 | 5.00 1.29 0.61 0.70 1.61
Jasz-Nagykun- 40 | 050|357 | 1.75 | 0.75 0.56 2.03 179 | 023 | 4.04 | 2.01 0.84 0.47 2.52
Szolnok
Chernozem soils | 149 | 0.01 | 3.86 | 1.19 | 0.76 0.49 2.06 530 | 0.01 | 4.03 1.53 0.79 0.47 2.19
Brown forest 99 [0.04 451 | 088 |094 | 024 3.97 395 | 0.02 | 448 | 0.945 | 0.71 0.43 1.87

Main soil soils

type Alluvial and 55 | 0.04 | 3.98 | 1.45 | 0.90 0.35 3.16 153 | 0.08 | 4.50 1.15 0.68 0.50 1.76
colluvial soils
Meadow soils 149 | 0.04 | 6.72 | 1.64 | 0.89 0.49 3.08 261 | 0.08 | 5.00 1.55 0.88 0.39 2.92
Skeletal soils 99 |0.01|515| 093 | 0.76 0.55 2.03 200 | 0.02 | 5.07 0.59 0.70 0.35 1.83
Salt-affected soils | 27 | 0.13 | 5.76 | 1.15 | 0.99 0.09 13.56 64 | 0.15 | 4.77 1.07 0.77 0.43 2.1
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4.5.2 Calcium carbonate

Predictions of calcium carbonate for the spectral library had wide-ranging results (Table 4.2). The
“10 counties” CaCO3 (16.57 and 15.01 %) was well modelled with R? of 0.84, RPD of 2.54 and
RMSE of 5.96 in the calibration set and R? of 0.77, RPD of 2.08 and RMSE of 5.96 in the validation
set. These high results may be because about 49 % of Hungarian soils are calcareous, having
CaCOg content ranging from 1-25 % (TIM, 1995). Of all the Hungarian counties, only Csongrad
county had a low prediction level of CaCOs in the training set (R? of 0.60 and RMSE of 8.11) and
testing set (R? of 0.51 and RMSE of 7.09). CaCOs in Pest County was predicted slightly better
with R? of 0.76 and RMSE of 6.61 in the training set and R? of 0.67 in the validation set. The
performance model results of the other eight counties were well-modelled at a high level of
accuracy, with R? of 0.94 to 0.83 and RPD of 4.0 to 2.44 for the calibration of the sets (Table 4.2).
Four counties had R? < 0.75 in the validation sets, while the remaining six had R? > 0.75. The
CaCOs assessment statistics for soil types prediction showed that a good calibration model was
obtained for salt-affected soils (R? of 0.91, RPD of 3.41, RMSE = 4.4) with corresponding high
validation results (R? 0.81). This can partly be explained by the fact that Hungarian soils were
moderately or highly alkaline and all salt-affected. Modest predictions were obtained by
Chernozem soils and Skeletal soils in the calibration set (R? = 0.73 to 0.56), which performed
slightly better in the validation sets (R? = 0.78 to 0.76). Other remaining soil types produced R?
values from 0.89 to 0.79 and RMSE from 3.59 to 6.33 in the calibration sets, while RMSE ranged
from 4.51 - 5.21 and R? from 0.85 - 0.79 in the validation sets (Table 4.2). Viscarra Rossel et al.
(2016) obtained R? values of 0.77 and RMSE of 3.96 for the calcium carbonate predictions, while
Knox et al. (2015) and Seybold et al. (2019) showed good calcium carbonate prediction models
with R? of 0.92 and RMSE of 0.30 and R? of 0.99 and RMSE of 1.2, respectively. Generally, the
high prediction model of SOC and calcium carbonate was attributed to the strong absorption bands
associated with chemical bonds of carbon-containing compounds in soil (Rossel & Behrens, 2010;
Wijewardane et al., 2018). Figure 4.2 shows the most significant wavelengths of the SOC and
CaCOg prediction models in the overall scenario.
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Table 4. 2. PLSR model values, descriptive statistics and results of calibration and validation prediction models of CaCO3

Calibration set

Validation set

CaCO; % n | Min | Max | Mean | R?> | RMSE | RPD n Min | Max | Mean | R? | RMSE | RPD
“10 county” 241 | 0.10 | 96.0 | 16.57 | 0.84 | 5.96 254 | 1959 |0.10 | 86.0 | 15.01 | 0.77 | 5.96 2.08
Pest 98 0.10 | 65.0 | 16.41 | 0.76 | 6.61 2.07 | 294 0.10 | 67.0 | 17.12 | 0.67 | 7.41 1.75
Baranya 70 0.10 | 51.0 | 14.57 | 0.93 | 3.11 3.7 141 0.10 | 52.0 | 13.24 | 0.92 | 3.19 3.50
Fejer 49 0.20 | 96.0 | 26.62 | 0.94 | 5.92 4,00 | 186 0.50 | 56.0 | 21.94 | 0.78 | 5.75 2.13
Komarom 35 0.10 | 43.0 | 14.66 | 0.83 | 5.47 244 | 125 0.30 | 38.0 | 13.70 | 0.72 | 5.68 1.90
Esztergom
County Nograd 55 0.10 | 26.0 | 7.32 | 0.88 | 1.99 2.86 |88 0.10 | 17.0 | 4.88 | 0.84 | 1.58 2.50
Tolna, 39 0.90 | 38.0 | 20.08 | 0.86 | 4.94 2.75 | 153 0.70 | 41.0 | 18.81 | 0.84 | 4.89 2.53
Bacs-Kiskun 98 0.10 | 47.0 | 17.14 | 0.91 | 3.74 3.42 | 186 0.10 | 49.0 | 14.61 | 0.89 | 3.38 2.96
Bekes 70 0.50 | 45.0 | 11.41 | 0.85 | 4.03 2.63 | 132 0.10 | 30.0 | 10.87 | 0.84 | 3.50 251
Csongrad 50 0.10 | 64.0 | 13.12 | 0.60 | 8.11 159 | 116 0.10 | 66.0 | 11.15 | 0.51 | 7.09 1.44
Jasz-Nagykun- 40 0.70 | 40.0 | 10.71 | 0.93 | 2.70 3.70 | 179 0.10 | 32.0 | 7.57 | 0.73 | 3.50 1.92
Szolnok
Chernozem soils 149 | 0.50 | 53.0 | 16.27 | 0.56 | 7.54 151 | 530 0.10 | 45.0 | 17.33 | 0.76 | 5.37 2.06
Brown forest soils | 99 0.10 | 65.0 | 15.77 | 0.79 | 6.33 221 | 395 0.10 | 52.0 | 10.25 | 0.81 | 4.51 2.28
Main soil Alluvial and 55 0.10 | 49.0 | 14.43 | 0.89 | 3.59 3.03 | 153 0.50 | 47.0 | 16.23 | 0.79 | 4.97 2.19
type colluvial soils
Meadow soils 149 | 0.60 | 85.0 | 19.99 | 0.89 | 5.43 3.04 | 261 0.10 | 67.0 | 14.78 | 0.85 | 5.21 2.56
Skeletal soils 99 0.10 | 50.0 | 11.44 | 0.73 | 5.03 1.94 | 200 0.10 | 50.0 | 9.95 | 0.78 | 3.89 211
Salt-affected soils | 27 0.50 | 47.0 | 2063 | 0.91 | 4.4 341 |64 0.10 | 49.0 | 16.35 | 0.81 | 5.71 2.31
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4.5.3 Soil texture (Sand, Clay and Silt)

Amongst all soil properties in this study, soil texture, especially sand content (39.81 - 40.32 %),
showed the highest prediction model at the “10 counties” level in the calibration set (R? of 0.89)
and validation set (R? of 0.85) (Table 4.3). All calibration models had a coefficient determination
higher than 0.81 in the counties scenario, and six counties had a coefficient determination > 0.90.
In comparison, five counties had a coefficient determination higher than 0.8 and ratio performance
to deviation higher than 2.35 in validation models (Table 4.3). All soil types’ levels had the highest
calibration models with R? greater than 0.83, RPD higher than 2.53, R? greater than 0.74 and RPD
near 2 in validation models. Meadow soils and salt-affected soils had R? greater than 0.90 and
RPD higher than 3.36 in the calibration sets and R? greater than 0.83 and RPD higher than 2.48 in
the validation model sets (Table 4.3). Based on (1995), the sand content in Hungary represents
(16 %) which may partly explain the high prediction of sand and the robust interaction between
mid-infrared radiation and minerals of sandy soils. The high-accuracy performance models of sand
content agreed with the results of some other mid-infrared spectral libraries reported by some
authors (Dematté et al., 2019; Wijewardane et al., 2018).

The clay content at the “10 counties” scale (22.88 and 22.86 %) showed high results in the
calibration set with R? of 0.80 and RMSE of 5.94 and in the validation set with R? of 0.80 and
RMSE of 6.59 (Table 4.4). At the county level, clay content within eight counties was good, with
R? ranging from 0.97 to 0.80 in the calibration set, and five counties had R? ranging from 0.73 to
0.80 in the validation model sets. Nograd County showed the worst result in the calibration set
with R? of 0.34 and RMSE of 15.92, while Tolna County had (R? of 0.74, RMSE = 5.30 and RPD
of 2.00) but still had a medium level of prediction (Table 4.4). In the soil types scenario, salt-
affected soils showed the best-performing calibration model with R? of 0.92 and RMSE of 4.30,
whereas R? was 0.80 in the validation sets. In three soil types, the coefficient determination was
higher than 0.84 and only Brown forest soils and Skeletal soils had R? of 0.76 and 0.64,
respectively, in the calibration models. Validation sets showed four soil types had R? higher than
0.78 and RPD higher than 2.14 (Table 4.4). Since clay minerals are spectrally active molecules
(Ng et al., 2022), this may be why the clay content was predicted accurately. Furthermore, clay
has fundamental vibrations. Therefore, the low and medium coefficient determination and

variation of clay prediction results may be associated with the low total clay or the soil's clay
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content variability. Some studies have justified the low clay predictions with high carbonate
content in the soil samples (Seybold et al., 2019).

Silt content had similar prediction results to clay content at most levels but with some lower values,
particularly in the validation sets. For the “10 counties” scenario, silt content (37.75 and 37.92 %)
had a medium level with R? of 0.64 and 0.69 in calibration and validation sets, respectively (Table
4.5). Of the 10 counties with silt calibration prediction, six had R? > 0.83, three counties had R? >
0.70, and one county had R? of 0.53 (Table 4.5). Predictive modelling of silt at soil types scale
showed all calibration sets had R? > 0.70, except the Chernozem soils type, which had R? of 0.69.
Salt-affected soils had R? of 0.94 and RMSE of 3.85 (Table 4.5). Four soil types had R? ranging
from 0.55 to 0.81 in the validation sets. Generally, our prediction results for clay were similar to
those found in other studies (Baumann et al., 2021; Terhoeven-Urselmans et al., 2010), which
mainly focused on legacy soil samples. For the same studies, the authors had lower prediction
results of silt content (R? range from 0.55 - 0.51). Ng et al. (2022) reported that the prediction
accuracies of sand, clay and silt had R? values of 0.80, 0.84 and 0.70, respectively, which generally

had higher accuracy predictions of particle size distribution than our “10 county” level results.
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Table 4. 3. PLSR model values, descriptive statistics and results of calibration and validation prediction models of sand content

Calibration set

Validation set

Sand % n Min | Max | Mean| R?> | RMSE | RPD n Min | Max | Mean | R?> | RMSE | RPD
“10 county” 241 | 2.23 |99.02 |39.81 |0.89 | 9.35 2.96 | 1959 | 0.70 | 99.02 | 40.32 | 0.85 | 10.97 2.57
Pest 98 240 |96.20 |52.01]0.82 |11.1 2.39 | 294 6.70 | 96.50 | 48.15 | 0.85 | 10.76 2.62
Baranya 70 250 |95.00 |34.30|0.85 |9.64 2.62 | 141 1.60 | 96.30 | 25.89 | 0.62 | 12.32 1.62
Fejer 49 7.40 |95.20 | 46.86 | 0.93 | 6.39 3.90 | 186 2.23 | 86.80 | 38.74 | 0.68 | 10.85 1.73
Komarom 35 2.00 |94.50 | 47.82|0.90 | 8.54 3.19 | 125 9.10 | 92.10 | 48.58 | 0.63 | 13.38 1.66
Esztergom
Couny Nograd 55 1.3 94.60 | 36.90 | 0.83 | 11.51 248 | 88 1.80 | 91.90 | 33.23 | 0.68 | 12.26 1.79
Tolna, 39 0.70 | 9450 |36.,55|0.91 |8.32 3.41 | 153 0.90 | 93.50 | 33.59 | 0.70 | 11.44 1.82
Bacs-Kiskun 98 8.15 |98.55 |59.43|0.96 |5.84 5.09 | 186 8.62 | 99.02 | 69.34 | 0.92 | 7.45 3.61
Bekes 70 3.20 | 76.82 |19.84 | 0.94 | 4.06 428 | 132 2.92 | 65.46 | 19.16 | 0.85 | 5.72 2.61
Csongrad 50 3.65 |95.65 |50.01]|0.84 |145 252 | 116 2.52 | 96.02 | 36.35 | 0.87 | 11.45 2.76
Jasz-Nagykun- 40 3.83 |91.82 |3257|1.00 |0.11 249.8 | 179 1.53 | 92.88 | 22.94 | 0.82 | 8.03 2.36
Szolnok
Chernozem soils | 149 | 0.70 | 98.55 | 45.65 | 0.84 | 10.16 254 | 530 1.80 | 92.10 | 31.07 | 0.74 | 9.56 1.96
Main soil Brown forest 99 1.60 |92.20 |43.11 |0.87 | 9.20 2.82 | 395 1.30 | 94.60 | 36.22 | 0.75 | 11.64 2.02
type soils
Alluvial and 55 0.90 |96.46 | 43.92 | 0.85 | 9.97 259 | 153 0.90 | 98.06 | 39.90 | 0.74 | 13.28 1.96
colluvial soils
Meadow soils 149 | 153 | 9510 |34.30|0.91 | 7.84 3.37 | 261 2.47 1 93.60 | 24.78 | 0.84 | 8.70 2.49
Skeletal soils 99 129 |98.70 | 70.39 | 0.85 | 10.23 2.61 | 200 8.90 | 99.02 | 81.22 | 0.79 | 11.1 2.18
Salt-affected soils | 27 3.65 |82.06 |26.59|0.96 |4.3 533 |64 4.24 | 95.78 | 29.05 | 0.88 | 8.42 2.92
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Table 4. 4. PLSR model values, descriptive statistics and results of calibration and validation prediction models of clay content

Calibration set

Validation set

Clay % n | Min | Max | Mean | R> | RMSE | RPD n Min | Max | Mean | R? | RMSE | RPD
“10 county” 241 | 0.64 | 67.04 | 22.88 | 0.80 | 5.94 2.27 | 1959 | 0.10 | 82.70 | 22.86 | 0.80 | 6.59 2.22
Pest 98 1.90 | 62.60 | 17.12 | 0.92 | 3.19 3.47 | 294 0.10 | 45.60 | 18.89 | 0.77 | 5.16 2.07
Baranya 70 1.40 | 53.00 | 23.69 | 0.85 | 4.48 2.60 | 141 1.20 | 4440 | 24.08 | 0.78 | 4.21 2.13
Fejer 49 |1.40 |50.80|19.60|0.92 | 3.25 366 | 186 | 0.40 | 46.10 | 19.26 | 0.28 | 6.22 1.18
Komarom 35 | 220 |48.30|17.83 |0.80 | 5.36 227 | 125 |1.50 |41.20 |15.26 | 0.30 | 6.45 1.20
Esztergom
County Nograd 55 [0.90 | 82.70 | 2459 | 0.34 | 15.92 |1.24 |88 1.80 | 56.90 | 26.13 | 0.45 | 10.08 | 1.36
Tolna, 39 0.30 | 39.60 | 19.83 | 0.74 | 5.30 2.00 | 153 0.10 | 42.30 | 19.89 | 0.49 | 6.23 1.40
Bacs-Kiskun 98 0.16 | 56.32 | 14.06 | 0.97 | 2.04 6.08 | 186 0.16 | 31.68 | 7.874 | 0.80 | 3.02 2.24
Bekes 70 9.02 | 67.04 | 38.30 | 0.96 | 2.77 486 | 132 2.24 | 6488 | 3855 |0.73 | 6.34 1.95
Csongrad 50 2.88 | 62.55|24.02 | 0.81 | 7.84 2.34 | 116 0.24 | 61.92 | 29.87 | 0.48 | 12.89 1.40
Jasz-Nagykun- 40 6.81 | 64.01 | 33.54 | 0.94 | 3.78 407 | 179 481 | 64.89 | 38.47 | 0.83 | 4.90 2.45
Szolnok
Chernozem 149 | 1.28 | 51.72 | 19.47 | 0.85 | 4.34 2.58 | 530 0.30 | 54.46 | 23.81 | 0.68 | 6.10 1.77
Brown forest 99 |1.70 | 56.90 | 21.54 | 0.76 | 6.72 2.03 |395 |0.80 8270 |23.06 |0.53 |8.29 1.46
Main soil Alluvial and 55 0.10 | 62.60 | 19.14 | 0.87 | 4.63 2.80 | 153 0.10 | 45.75 |19.22 | 0.86 | 4.12 2.65
type colluvial
Meadow 149 | 1.92 | 67.04 | 29.06 | 0.88 | 5.55 2.93 | 261 2.40 | 64.89 | 36.38 | 0.83 | 6.43 2.44
Skeletal 99 0.24 | 40.37 | 10.01 | 0.64 | 4.62 1.68 | 200 0.16 | 4477 |7.11 |0.78 | 3.84 2.14
Salt-affected soils | 27 4.80 | 54.40 | 34.35 | 0.92 | 4.30 3.56 |64 2.88 | 57.90 | 3152 |0.80 | 7.11 2.23
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Table 4. 5. PLSR model values, descriptive statistics and results of calibration and validation prediction models of silt content

Calibration set

Validation set

Silt % n Min | Max | Mean | R> | RMSE | RPD n Min | Max | Mean | R> | RMSE | RPD

“10 county” 241 | 219 |94.40|37.75|0.64 | 115 1.68 | 1959 | 0.61 | 102.4 | 37.92 | 0.69 | 10.79 1.79
Pest 98 150 | 70.70 | 30.98 | 0.86 | 7.15 2.65 | 294 1.10 | 71.30 | 32.94 | 0.82 | 8.34 2.35
Baranya 70 3.30 |71.10 | 42.01 | 0.75 | 8.97 201 | 141 2.60 | 76.50 | 50.30 | 0.38 | 11.86 1.27
Fejer 49 3.60 |69.64 |32.24|0.83|7.38 242 | 186 6.11 | 102.4 | 42.32 | 0.53 | 11.85 1.47
Komarom 35 1.80 | 76.80 | 34.36 | 0.92 | 5.33 3.63 | 125 4.60 | 83.50 | 36.20 | 0.66 | 10.76 1.71
Esztergom

County Nograd 55 2.80 |98.70 | 38.58 | 0.53 | 16.59 1.48 | 88 5.30 | 96.20 | 40.82 | 0.30 | 14.31 1.21
Tolna, 39 210 |85.60 | 43.72 | 0.74 | 11.6 199 | 153 2.50 | 81.40 | 46.67 | 0.46 | 12.82 1.37
Bacs-Kiskun 98 1.09 | 73.74 | 29.78 | 0.93 | 5.83 3.78 | 186 0.61 | 74.38 | 30.01 | 0.91 | 6.61 3.27
Bekes 70 14.1 | 57.80 | 41.83 | 0.90 | 3.09 3.18 | 132 18.7 | 56.00 | 42.27 | 0.42 | 6.53 1.31
Csongrad 50 1.20 | 66.45 | 25.97 | 0.70 | 10.9 1.85 | 116 1.06 | 71.10 | 33.78 | 0.33 | 16.24 1.23
Jasz-Nagykun- 40 1.37 | 6452 |33.74|0.93 | 3.98 3.91 | 179 2.19 | 58.,57 | 38.63 | 0.68 | 5.87 1.76
Szolnok
Chernozem soils | 149 | 1.42 | 74.10 | 35.26 | 0.69 | 10.3 1.79 | 530 2.86 | 102.4 | 45.20 | 0.40 | 11.65 1.3
Brown forest 99 530 |94.40 | 35.59 | 0.72 | 9.88 1.90 | 395 2.60 | 98.70 | 40.85 | 0.55 | 12.64 15

Main soil soils

type Alluvial and 55 150 |79.30|37.58|0.81 | 8.01 2.29 | 153 1.59 | 81.40 | 41.18 | 0.56 | 12.5 1.51
colluvial soils
Meadow soils 149 | 2.30 | 76.38 | 36.64 | 0.70 | 8.84 1.84 | 261 255 | 72.14 | 38.85 | 0.54 | 8.84 1.48
Skeletal soils 99 1.10 | 70.70 | 21.33 | 0.77 | 9.66 2.08 | 200 0.61 | 66.70 | 14.29 | 0.81 | 6.67 2.32
Salt-affected soils | 27 5.80 |64.29 | 39.05 | 0.94 | 3.85 413 |64 1.06 | 73.74 | 40.03 | 0.80 | 6.38 2.27
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4.5.4 Cation exchange capacity

The calibration model of CEC at the “10 county” scale (26.14 and 24.94 cmol(+)/kg) reached a R?
of 0.61 and RMSE of 8.24 and the validation set reached respective R? and RMSE of 0.57 and
7.78 (Table 4.6). At the counties level, Baranya and Tolna showed an R? > 0.90, while Fejer had
an R? of 0.83, and three counties showed an R? of 0.68 (Bekes, Csongrad and Jasz-Nagykun-
Szolnok). In contrast, only one county showed R? below 0.55 (Bacs-Kiskun) in the calibration
models. Validation sets showed only four counties had R? > 0.60, while the remaining six counties
had R?< 0.51. At the soil type scenarios, Brown forest soils and alluvial and colluvial soils showed
the best calibration results (R? of 0.86 and RMSE of 3.96 and 4.29, respectively). In contrast,
Chernozem soils had R? of 0.47 and RMSE of 7.08, which was the worst result (Table 4.6).
Validation sets showed two soil types had R? > 0.70 (Brown forest and Skeletal soils). Four soil
types showed R? < 0.50.

The poor results were expected because CEC is not spectrally active, while other good results were
due to the contribution of clay minerals and organic carbon matter to the prediction of CEC and
correlated with each other (Stenberg et al., 2010). Dematté et al. (2019) showed similar prediction
accuracy ranges in calibration sets (R? 0.97) for CEC in the Brazilian spectral library. In addition,
Pirie et al. (2005) observed several studies with good predictions that showed prediction reached
an R? of 0.82 in the small spectral library (415 samples). Terhoeven-Urselmans et al. (2010) also

achieved good accuracy (R? = 0.83) for 4438 global soil samples.
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Table 4. 6. PLSR model values, descriptive statistics and results of calibration and validation prediction models of CEC

Calibration set

Validation set

CEC n Min | Max | Mean| R?> | RMSE | RPD n Min | Max | Mean | R?> | RMSE | RPD
cmol(+)/kg

“10 county” 241 |1.48 | 119.9 26.14 | 0.61 | 8.24 160 | 1959 | 164 |116.5 | 2494 |0.57 | 7.78 1.53
Pest 98 2.38 | 59.63 22.69 | 0.76 | 5.68 2.05 | 294 2.15 | 67.40 | 25.14 | 0.65 | 7.00 1.70
Baranya 70 3.85 | 67.94 25.05 | 0.90 | 3.39 3.24 | 141 5.61 | 42.61 | 24.07 | 0.80 | 2.67 2.23
Fejer 49 4.76 | 66.80 27.76 | 0.83 | 5.35 242 | 186 8.34 | 83.12 | 27.74 | 0.38 | 8.25 1.27
Komarom 35 7.73 | 60.28 23.13 | 0.65 | 6.38 1.72 | 125 8.39 | 46.40 | 22.03 | 0.61 | 4.9 1.6
Esztergom

County Nograd 55 3.33 | 57.22 28.56 | 0.77 | 6.82 2.11 | 88 2.95 | 49.82 | 27.64 | 0.73 | 5.42 1.93
Tolna, 39 5.50 | 119.9 29.48 | 0.96 | 4.73 496 | 153 5.55 | 53.00 | 24.86 | 0.51 | 5.41 1.44
Bacs-Kiskun 98 2.25 | 54.47 16.44 | 0.50 | 7.71 142 | 186 148 | 84.21 | 11.63 | 0.28 | 7.58 1.18
Bekes 70 11.2 | 57.66 34.09 | 0.68 | 5.51 1.77 | 132 3.41 | 58.39 | 33.71 | 0.45 | 6.72 1.35
Csongrad 50 4,38 | 48.00 25.04 | 0.68 | 7.67 1.77 | 116 5.66 | 49.67 | 28.19 | 0.31 | 11.41 1.21
Jasz-Nagykun- 40 1.68 | 42.44 24.14 | 0.68 | 6.37 1.78 | 179 5.42 | 61.73 | 29.33 | 0.49 | 5.79 141
Szolnok
Chernozem soils | 149 | 2.89 | 46.40 23.56 | 0.47 | 7.08 1.38 | 530 3.41 | 61.73 | 26.99 | 0.32 | 6.93 1.22
Brown forest 99 3.85 | 57.22 23.66 | 0.86 | 3.96 2.73 | 395 2.95 | 49.82 | 23.83 | 0.77 | 4.22 2.09

Main soil soils

type Alluvial and 55 2.86 | 59.63 26.47 | 0.86 | 4.29 2.70 | 153 2.25 | 53.00 | 22.31 | 0.48 | 6.51 1.40
colluvial soils
Meadow soils 149 | 1.68 | 119.89 | 32.64 | 0.55 | 11.84 149 | 261 451 | 68.16 | 32.32 | 0.50 | 7.44 1.42
Skeletal soils 99 2.38 | 61.57 16.45 | 0.50 | 8.25 143 | 200 148 | 49.33 | 11.31 | 0.70 | 4.84 1.84
Salt-affected soils | 27 6.70 | 66.83 32.51 | 0.68 | 8.11 1.81 | 64 4.20 | 84.21 | 29.75 | 0.04 | 13.6 1.03

66




4.5.5 Exchangeable Mg and Ca

The exchangeable Mg and Ca of both calibration and validation models provided variable results.
The calibration results at the “10-county” level were suitable for exchangeable Mg but were
satisfactory for exchangeable Ca, with respective R? values of 0.77 and 0.54 and RPD values of
2.09 and 1.48. On the other hand, validation model sets had R? values of Mg and Ca of 0.52 and
0.48, respectively (Tables 4.8 and 4.7). Calibration prediction at county levels for exchangeable
Mg showed four counties had R? > 90 and 3 counties had R? lower than 0.55 (Table 4.8). In
comparison, exchangeable Ca showed six counties had R? > 0.80, and only Csongrad county had
R? lower than 0.55 (Table 4.7). However, the validation prediction results had R? ranging from
0.14 to 0.66 for exchangeable Mg and 0.18 to 0.74 for exchangeable Ca (Tables 4.8 and 4.7).
Calibration predictions for exchangeable Mg were satisfactory (R? lower than 0.75) for all soil
types except Alluvial and colluvial soils (R? of 0.94 and RPD of 4.01) and Meadow soils (R? of
0.82 and RPD of 2.37; Table 8) whereas calibration predictions for exchangeable Ca were poorer
(R? < 0.50 and RPD < 1.42) for three soil types, but was excellent for Brown forest soils (R? of
0.96 and RMSE of 1.56) and Alluvial and colluvial soils (R? of 0.83 and RMSE of 3.32; Table 8).
Validation results of soil types had R? ranging from 0.33 to 0.60 for exchangeable Mg and 0.32 to
0.71 for exchangeable Ca, except Salt-affected soils had R? of 0.01 (Tables 4.8 and 4.7). The poor
model results were not expected, but we posit that exchangeable Ca and Mg may not have
particular MIR absorption features, and there is a lack of correlation with spectrally active
properties. Furthermore, inverse links with carbon content may also justify the low prediction
results, suggesting fewer sites for exchangeable cations on soil charges (from organic matter) that
H+ may occupy. TIM (1995) reported that soil conditions in Hungary show fertiliser use stagnated
between 1985 and 1990 and reduced sharply after 1990. Soil nutrient balance became negative
compared to the period of 1981 to 198. These reasons and different land nutrition management
conditions may justify the low concentration and exchangeable cations (Ca** and Mg*™)
predictions and CEC in various areas, counties and soil types in Hungary. Exchangeable Ca was
predicted with reasonably good accuracy (R?> = 0.85) by Rossel et al. (2008), followed by
exchangeable Mg (R? = 0.78). Similarly, a study by Stenberg & Rossel (2010) observed good
predictions for exchangeable Ca (R? = 0.89) and Mg (R? = 0.76).
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Table 4. 7. PLSR model values, descriptive statistics and results of calibration and validation prediction models of exchangeable Ca

Calibration set Validation set
Exch Ca n | Min | Max | Mean| R? | RMSE | RPD n Min | Max | Mean | R?> | RMSE | RPD
cmol(+)/kg
“10 county” 241 | 0.67 | 87.46 | 18,52 | 0.54 | 6.72 148 | 1959 | 0.60 | 85.52 | 17.54 | 0.48 | 6.21 1.39
Pest 98 0.87 | 49.06 | 16.34 | 0.75 | 4,51 2.00 | 294 |0.67 | 45.89 | 18.39 | 0.63 | 5.15 1.66
Baranya 70 2.00 | 54.03 | 18.13 | 0.91 | 2.74 3.36 | 141 444 13505 |17.21 | 0.74 | 2.65 1.98
Fejer 49 3.29 | 48.05 | 18.58 | 0.91 | 2.67 3.36 | 186 5.36 | 53.92 | 20.92 | 0.37 | 5.53 1.26
Komarom_ 35 5.18 | 45.79 | 17.41 | 0.63 | 5.29 1.67 | 125 5.30 | 34.85 | 16.57 | 0.59 | 3.99 1.57
Esztergom
County Nograd 55 1.67 | 38.40 | 18.56 | 0.80 | 4.60 2.26 | 88 1.35 | 30.72 | 18.04 | 0.73 | 3.74 1.95
Tolna 39 3.83 | 87.46 | 21.78 | 0.95 | 3.84 446 | 153 3.79 | 39.07 | 19.33 | 0.42 | 4.65 1.32
Bacs-Kiskun 98 1.51 | 40.89 | 11.36 | 0.84 | 2.86 254 | 186 0.82 | 59.07 | 8.71 | 0.36 | 5.25 1.26
Bekes 70 496 | 4152|2197 | 0.98 | 1.23 6.48 | 132 5.74 | 42.32 | 22,57 | 0.18 | 6.78 1.11
Csongrad 50 1.76 | 45.13 | 16.44 | 0.09 | 9.50 1.06 | 116 2.67 | 39.17 | 18.78 | 0.34 | 8.49 1.24
Jasz-Nagykun- 40 0.60 | 31.33 | 15.51 | 0.57 | 5.44 155 | 179 3.12 | 45.31 | 18.76 | 0.36 | 6.01 1.26
Szolnok
Chernozem soils 149 | 154 | 33.76 | 17.50 | 0.34 | 6.15 1.23 | 530 446 | 45.31 | 21.13 | 0.40 | 5.51 1.29
Brown forest soils | 99 1.68 | 38.40 | 16.95 | 0.96 | 1.56 5.34 | 395 1.35 | 35.43 | 16.45 | 0.67 | 3.62 1.75
Main soil Alluvial and 55 2.28 | 40.46 | 19.33 | 0.83 | 3.32 2.45 | 153 1.51 | 39.07 | 16.25 | 0.50 | 4.91 141
type colluvial soils
Meadow soils 149 | 0.60 | 87.46 | 20.85 | 0.66 | 7.39 1.73 | 261 2.92 | 53.92 | 20.57 | 0.32 | 6.83 1.21
Skeletal soils 99 0.87 | 45.13 | 12.11 | 0.50 | 6.00 1.42 | 200 0.67 | 40.24 | 8.65 | 0.71 | 3.67 1.86
Salt-affected soils | 27 2.91 | 45.89 | 17.04 | 0.43 | 8.07 1.35 | 64 2.07 | 59.07 | 14.31 | 0.01 | 9.51 0.96
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Table 4. 8. PLSR model values, descriptive statistics and results of calibration and validation prediction models of exchangeable Mg

Calibration set Validation set
Exch Mg n Min | Max | Mean | R? | RMSE | RPD n Min | Max | Mean | R? | RMSE | RPD

cmol(+)/kg

“10 county” 241 | 0.13 | 2437|448 |0.77 | 1.98 2.09 | 1959 | 0.06 | 26,51 |4.22 |0.52 | 2.58 1.44
Pest 98 019 |12.74|329 |043 | 194 1.33 | 294 |0.13 |24.31|3.88 |0.19 |3.51 1.11
Baranya 70 056 |13.08 |3.79 | 0.95 | 0.59 467 |141 |0.56 |10.96 | 3.70 | 0.59 |1.12 1.57
Fejer 49 059 | 2375|544 |0.99 |0.38 13.23 | 186 | 0.57 | 19.62 | 4.01 | 0.40 | 3.02 1.29
Komarom_ 35 0.69 |12.87 | 296 |058 |1.6 157 | 125 |0.72 1193|285 |0.27 | 181 1.18
Esztergom

County Nograd 55 040 |16.17 |5.09 |0.73|1.91 195 | 88 0.36 | 1419 | 4.26 | 0.57 | 1.78 1.53
Tolna, 39 0.31 | 2573|489 |0.95|1.20 465 |153 |0.28 | 15.79 | 3.47 | 0.33 | 1.87 1.23
Bacs-Kiskun 98 0.32 |16.01|3.03 |0.69 | 1.63 181 |18 |0.18 |17.15|1.95 |0.23 | 2.01 1.14
Bekes 70 125 |1959|7.30 |0.90 |1.40 3.24 | 132 1.17 | 2493 | 7.14 | 0.66 | 2.71 1.72
Csongrad 50 0.63 | 1575|455 |0.54 | 252 149 |116 |0.61 |16.10|5.35 |0.14 | 3.38 1.08
Jasz-Nagykun- 40 0.06 |18.61|4.94 |0.45 |3.28 1.36 | 179 |0.57 | 20.86 |6.01 |0.30 | 3.34 1.20
Szolnok
Chernozem soils | 149 | 0.49 | 13.07 | 3.66 | 0.61 | 1.87 161 |530 |045 1572 |3.63 |0.50 |1.89 1.42
Brown forest 99 0.40 |16.17 |3.17 | 057 |1.86 153 | 395 0.36 | 13.24 | 3.44 | 0.51 | 1.50 1.43

Main soil soils

type Alluvial and 55 0.36 |12.74|4.28 |0.94 | 0.74 4,01 |153 |0.32|13.21|357 |035 184 1.24
colluvial soils
Meadow soils 149 | 0.06 |25.73]7.98 |0.82 | 2.35 237 | 261 |0.64 |24.93|7.73 |0.60 | 2.88 1.58
Skeletal soils 99 0.18 891 |1.92 |0.72 | 0.96 1.89 (200 |0.13 |10.14|1.36 |0.47 |1.23 1.38
Salt-affected soils | 27 1.09 |17.01|6.04 |0.71 | 2.16 1.88 | 64 0.61 | 17.33 | 7.04 |0.33 | 3.92 1.23
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Pirie et al. (2005), however, reported lower performance for exchangeable Mg (R? = 0.69) and
exchangeable Ca (R? = 0.64). Similarly, a study by Terhoeven-Urselmans et al. (2010) observed
lower predictions for exchangeable Mg (R? = 0.54) and exchangeable Ca (R? = 0.78)

4.5.6 pH water

Overall, the predictions for soil chemical reactions within the different scenarios were poor. Soil
pH water at the “10-county” level (7.90 and 7.88) had the poorest results in both groups of
calibration and validation datasets (Table 4.9). Many counties' pH models were generally better
than the “10-county” and soil type levels. Four counties, including Baranya, Bacs-Kiskun, Bekes
and Jasz-Nagykun-Szolnok, had high predictions (R? = 0.91 — 0.98 and RMSE = 0.12 — 0.32) in
calibration sets, while two counties, included Tolna and Csongrad represented worst results (R? =
0.09 and 0.04, respectively; Table 4.9) in the calibration data sets. Three counties had R? ranging
from 0.59 to 0.78, while others had R? < 0.51 in validation sets. With reference to the soil types
and calibration sets, only Brown Forest had the highest results (R? of 0.94 and RMSE of 0.28).
Salt-affected soils and alluvial and colluvial soils represented satisfactory models (R? of 0.69 and
0.62, respectively; Table 4.9). At the same time, all the validation dataset results had R? < 0.38.
The poor model results were expected because this attribute lacked direct spectral responses, while
other good results may be due to the correlation between pH and soil organic carbon and carbonates
(Budiman Minasny, Tranter et al., 2009; Reeves, 2010; Sarathjith et al., 2014). Terhoeven-
Urselmans et al. (2010) obtained a higher prediction of water pH (R? = 0.81) at a global level of
the spectral library compared to our results.

Generally, from all soil properties predicted in the Hungarian MIR spectral library, salt-affected
soils showed the poorest result with R? of 0.01 in the validation datasets (Tables 4.7). Sand showed
the highest results, with R? of 0.89 in the calibration and 0.85 in the validation set.

At the “10 counties” scale, pH (Water) presented a lower predictive model in the validation set
with an R? of 0.18 (Table 4.9). Komarom Esztergom and Jasz-Nagykun-Szolnok counties showed
the best prediction models with R? of 1 (Tables 4.1 and 4.3) in calibration sets. At the same time,
Baranya and Bacs-Kiskun showed the best prediction models with R? of 0.92 (Tables 4.2 and 4.3)
in validation sets. A similar high result with R? of 1 was obtained by (Sanderman et al., 2020) for
organic carbon.

At soil type scale, Salt-affected soils presented the best-performing model with an R? of 0.99

(Table 4.1) in calibration sets, while in validation sets, Salt-affected and Meadow soils presented
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the best-performing model with an R? of 0.88 (Table 4.1 and 4.3). Further, 23 soil-type models
had R? > 0.85. Figure 4.2 and the descriptive statistics tables showed that some soil attributes had
small datasets that may have affected the prediction's accuracy.

Even though we used a large number of samples (n = 2200), we assume that completing the
Hungarian spectral library with missing soil samples (9 counties) may expand and enhance its use.
Hungary's soils were formed mainly on the relatively young rock bed and old parent material and
on eolic, alluvial and colluvial deposits (T1M, 1995). In addition to climatic conditions and natural
vegetation, human activities like intensive land use, soil improvement and cultural techniques
significantly affect soil information processes in Hungary. The results of these diverse interactions
between soil formation factors may produce significant variability in the performance of models
for soil types and counties. Reeves & Smith (2009) found that dataset diversity, parent materials,
land uses, and climate can lead to poor model prediction results.

71



Table 4. 9. PLSR model values, descriptive statistics and results of calibration and validation prediction n models of pH (Water)

Calibration set

Validation set

pH_H20 n Min | Max | Mean | R? | RMSE | RPD n Min | Max | Mean | R? | RMSE | RPD

“10 county” 241 |1 4.80 |9.84 | 790 |0.29 | 1.17 1.19 | 1959 |4.00 | 10.51 | 7.88 0.18 | 1.02 1.10
Pest 98 |519 104|775 |047 |0.97 138 294 |4.92 | 105 |7.94 0.51 | 0.57 1.43
Baranya 70 14211912 765 |0.91]0.32 328 141 |5.28 |8.84 |7.68 0.78 | 0.40 2.15
Fejer 49 1654 1957 801 |0.65]0.33 170 |[186 |6.08 | 9.77 |7.99 0.17 | 0.88 1.10
Komarom 35 492892 769 |0.70 | 0.53 184 | 125 |5.09 |8.78 |7.81 0.43 | 0.81 1.34
Esztergom

County Nograd 55 | 477 1841 1148 |0.16 | 1.48 1.10 |88 480 | 845 |6.94 0.69 | 0.45 1.81
Tolna, 39 |512 872|776 |0.09 |1.37 1.06 |[153 |5.01 |851 |7.88 0.05 | 0.99 1.03
Bacs-Kiskun 98 |6.62 |10.0 | 819 |0.97 |0.14 545 186 [6.37 |9.84 |8.09 0.59 | 0.37 1.57
Bekes 70 [592[9.88 1809 |0.91 ] 0.24 343 132 [6.25]9.52 |8.00 0.19 | 0.81 1.11
Csongrad 50 |6.87 |9.90 |832 |0.04 |228 103 |116 |4.00 | 10.1 |8.17 0.13 | 2.76 0.94
Jasz-Nagykun- 40 |6.14 {992 |8.01 |0.98 |0.12 6.67 | 179 |5.88 |9.96 |7.93 0.32 | 0.57 1.21
Szolnok
Chernozem soils | 149 | 6.19 | 9.92 | 8.16 |0.18 | 1.28 111 [530 |[5.85]9.97 |8.02 0.02 | 1.12 1.01
Brown forest 99 421 912|741 |0.94 |0.28 394 |39 |4.77 873 |7.26 0.38 | 0.96 1.28

Main soil soils

type Alluvial and 55 | 6.65 |9.57 | 7.99 |0.62 |0.31 163 | 153 |550 |9.28 |7.94 0.33 | 0.49 1.23
colluvial soils
Meadow soils 149 |6.52 | 10.1 | 8.13 |0.13 | 1.05 108 | 261 |4.00]9.88 |7.99 0.16 | 1.04 1.10
Skeletal soils 99 |521 889|782 |0.17 |0.99 110 [ 200 |5.25 (892 |7.97 0.15 | 0.87 1.09
Salt-affected soils | 27 | 5.92 | 10.5 | 8.98 | 0.69 | 0.67 1.83 | 64 7.22 | 10.51 | 8.89 0.34 | 0.68 1.24
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4.6 Mapping SOC content and Hungarian MIR spectral library

This section of results and discussions deals with the spatial mapping of SOC content based on the
MIR spectral library and wet chemistry.

4.6.1 DSM models input data

4.6.1.1 Exploratory data analysis and summary statistics

Figure 4.6 shows a scatterplot of predicted versus observed values in the validation dataset of SOC
from the MIR spectral library. The model performance assessment of the SOC dataset predicted
from the MIR spectral library showed high prediction accuracy. This dataset was spatially
predicted using the DSM technique.

Validation

10

R2 =081
RMSE = 0.46

Predicted Crganic Carbon (%)

Observed Organic Carbon (%)

Figure 4. 6. Distribution of observed against predicted for validation set of SOC obtained from PLSR model

In total, 542 predicted SOC points were used. Figure 4.7 represents the spatial spread of predicted
SOC sample observations in the study area's frame and the dataset distribution. The predicted SOC
content in the upper 30 cm ranges from -0.40 to 6.35 %, with an average of 2,144, and the 1st
quartile at 1.46. The negative values of some predicted SOC results in the dataset are attributed to
expected errors in the prediction process. The SOC content from the Hungarian MIR spectral
library showed broad differences in their spatial distribution across the study area (Figure 4.7).
The frequency histogram of predicted SOC showed slight skewness from the normal distribution
(Figure 4.7). In general, SOC has a right-skew log-normal distribution (FAO, 2018).
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The spatial distribution of the 542 points of SOC from the wet chemistry dataset in the study area
and the corresponding histogram are shown in Figure 4.8. The SOC content values in the upper 30
cm based on wet chemistry ranges between 0.09 and 6.68 %, with the mean being 2.22 %, while
the value of the 1st quartile soil profiles is 1.43 %. It can be observed that the wet chemistry SOC
dataset was not normally distributed. On the other hand, since the study area is huge and represents
10 Hungarian counties from 19 counties, the SOC variability was expected in this database. These
spatial variations in both may be due to the variability of soil types (forest, grassland, meadow
formations, and salt-affected soils), climatic conditions, land cover, land use, landscapes,
vegetation cover and human activities in the study area. Specifically, some factors control the
spatial distribution of SOC in the study area reported by Szalay et al., (2016), such as tillage
operations (Héring et al., 2013a), oxidation caused by soil tillage (Héring et al., 2013b) and soil
erosion (Polyakov & Lal, 2008). Figures 3.6, 3.7, 3.8 and 3.9 show the variability in climatic
conditions, land cover and vegetation cover that can affect the distribution of SOC content in the

study area.
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The degree of deviation of the data from a normal distribution is usually expressed by the quantile-

quantile plot test. Figure 4.9 and Figure 4.10 represent the outcome of the g-q plot for SOC from

the MIR spectral library and wet chemistry.

Normal Q-Q Plot

Sample Quantiles
3
I

Theoretical Quantiles

Figure 4. 9. Normal quantile for predicted SOC

The errors' quantiles are plotted against the theoretical quantiles of a normal distribution.

Observations for normally distributed data should be roughly on a straight line. If the data is not

normally distributed, the points form a curve that deviates significantly from a straight line.

Outliers are points at the ends of the line that are far from the majority of the observations. Both

figures 4.9 and 4.10 showed that there is a slight deviation from a straight line, indicating that the

SOC data in this study are not fully normally distributed and have some deviation from normality.
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Figure 4. 10. Normal quantile for wet chemistry SOC

A summary of general descriptive statistics for environmental covariates used in this research is
given in Table 4.10. The calculation of the Landsat5 image for NDVI ranged from -0.02 to 0.39
with a mean equal to 0.15 (Table 4.10). An increase in the positive NDVI value means greener
vegetation. There is a clear spatial pattern in the largest section of the study area, with the highest
values appearing in the central, northwestern, and southwestern parts of the study area. Values
vary according to plant density in the area. The lowest values primarily represent the barren lands,
while the highest value probably represents the vegetated areas concentrated where the moisture
was available, especially in the lowest areas. The spatial distribution of the NDV1 values reflected
the rainfall gradient. It was also an important input variable representing vegetation factor essential
for the humification process and a surrogate for soil organic matter. Figure 3.9 illustrates the spatial
distribution of NDVI.

On larger scales, such as regional and national scales, climatic conditions may be the primary
determinants of soil carbon and the pivotal force affecting SOC distribution. The data on climate
factors show significant differences in the study area. The climate covariates map data (i.e.
precipitation, maximum, minimum and average temperature) varied between 40.00 to 57.67

mm/year with a mean value of 44.13 mm/year for rainfall. Maximum temperature varied between
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12.93 to 16.15 °C and mean value of 15.22 °C, while minimum temperature varied between 3.9 to
7.2 °C with mean values of 5.7 °C. The average temperature had a maximum value of 8.56 °C, a
minimum value of 11.45 °C and a mean value of 10.48 °C (Table 4.10). In areas with high rainfall,
which promotes the accumulation of vegetation and carbon, a higher SOC concentration is
frequently observed. High rates of carbon input into soils are typically associated with abundant
growth, while low temperatures may noticeably slow down the microbial decomposition of organic
matter (Bai et al., 2019). Figures 3.6 and 3.7 show the spatial distribution of some climatic map
data, namely average temperature and precipitation.

The terrain determines how water travels across the landscape and carries soil components in solid
or dissolved forms. Thus, the factors that affect how water flows have the most bearing on how
many different soil properties, such as SOC, are distributed spatially. However, seven attributes
were generated from the digital elevation model of the study area. Terrain attributes were
frequently used to explain the spatial variability of agronomic, pedological, and hydrologic
variables. These variables were highly correlated with soil attributes such as SOC. There were
clear distinctions between landforms, and the study area had the greatest elevation range, with 422
m separating the highest and lowest points. DEM ranged from 74.0 to 496.0 m with mean values
of 137.4 m, while plan curvature, which represents the demonstration of the earth's surface
curvature across the direction of aspect, ranged from -231 to 282 m™* and mean value equal 357
m2.

Similarly, the slope, which represents the inclination of the earth's surface and the topographic
wetness index show the potential supply of soil water; they had variances ranging from 0.00 to
1.571 % and -19.6 to 4.78 % with mean values of 1.48 % % and -11.3 % respectively. Valley depth
ranged from 0.00 to 274.3 m and a mean value of 71.6 m, channel network distance values varied
between 0.00 to 146.0 m with a mean value equal to 7.43 m and aspect ranged from 0.00 to 6.28
% with a mean value of 3.13 % (Table 4.10). An important data source for the spectra of soil
carbon was provided by remote soil sensing. The Landsat bands (b1 - b7) also had significant
differences in their data distribution across the study area. Bandl and band6 varied from 816 to
1284 and from 0 to 447, with mean equal 938 and 416, respectively. Band4 and band7 ranged
from 855 to 202 and 759 to 183, with mean values of 142 and 126, respectively. Generally,
variance in data distribution was observed in most environmental covariates in the frame of the

study. Such variability in environmental covariates maps data was expected, especially on a large
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national scale. These spatial variabilities of data distribution are attributed to the variations of
geological formation, soil types, parent material, climatic zones, land use, landscapes and human
activities in the study area.

4.6.1.2 Harmonization database-spline function

A practical method for creating continuous depth functions of soil properties is to use equal-area splines.
They are a helpful method for converting estimates of soil properties, such as SOC, from a variety of soil
profiles with different horizon boundaries to a set of uniform depth increments (standardised depths).
Generally, the equal-area splines harmonise the depth in accordance with the variations in the natural soil,
representing the depths of the SOC distribution continuously up to 200 cm according to the standard depths
of GlobalSoilMap. Still, we set the depths from 0-30 cm in our data. The equal-area splines that have been
fitted to exemplify the vertical distribution of SOC in MIR spectroscopy and wet chemistry datasets are
shown in Figure 4.11. The visual inspection shows the solid red curve representing the equal-area spline
function and green boxes representing the mean SOC (original input data) at the given soil horizon. The
equal-area splines perform well for SOC from SIMS database soil profiles. Figure 4.11 showed the SOC
layer depths in both datasets are deeper than 30 cm, which is not exceptional in Hungary (Szatmari et al.,
2019). Also, the SOC content-based MIR spectral library significantly declines under 35 cm depth, while

in both datasets, the SOC increased again around a depth of 125 cm.

Predicted SOC wet chemistry SOC
i ) /
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Figure 4. 11. Spline and SOC estimates for the predicted SOC (left) and wet chemistry datasets (examples)
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Table 4. 10. Descriptive statistics of covariates and both SOC in frame of the study.

Variables Minimum Maximum Mean 1st Qu
Predicted SOC (%) -0.40 6.54 2.14 1.46
Traditional SOC (%) 0.09 6.67 2.21 1.43
Land cover 9.00 79.0 13.6 9.00
NDVI -0.02 0.38 0.15 0.09
Landsat 4-5 -b1 (nm) 816 128 938 898
Landsat 4-5 -b2 (nm) 841 143 101 963
Landsat 4-5 -b3 (nm) 823 144 103 969
Landsat 4-5 -b4 (nm) 855 202 142 131
Landsat 4-5 -b5 (nm) 748 202 149 137
Landsat 4-5 -b6 (nm) 0.00 447 416 406
Landsat 4-5 -b7(nm) 759 183 126 111
Precipitation (mm) 40.0 57.6 441 42.2
Temperature avg (°C) 8.55 114 104 10.3
Temperature max (°C) 129 16.1 15.2 14.9
Temperature min (°C) 3.85 7.21 5.73 5.40
DEM 74.0 496.0 1374 89.0
Aspect 0.00 6.28 3.13 1.57
Plan curvature -231 2826 357 -629
Profile curvature -338 255 -442 -116
Valley depth 0.00 274.3 71.6 13.8
Channel network distance 0.00 146.0 7.43 0.00
Slope 0.00 1.57 1.48 1.37
Topographic wetness index -19.6 4.78 -11.3 -15.6

4.6.1.3 Environmental variables affecting SOC accumulation in DSM

Environmental covariates components were positively and negatively correlated with SOC
content. Figures 4.12 and 4.13 show the linear relations between SOC content and different
environmental factors used in this study. According to Li (2010), most terrain variables appeared
to be significantly correlated with soil organic matter. In our research, SOC content in both datasets
observed variation in relations with DEM and their terrain attributes ranging from positive
(topographic wetness index), moderate (aspect, channel network distance and plan curvature) and
negative (DEM and slope) correlation (Figures 4.12 and 4.13). Generally, the SOC decreased with
increasing slope. Although the correlation between the topographic index and SOC is lower than
that between the vegetation index and SOC, the topographic index is primarily affected by DEM
accuracy and raster scale while being less affected by human and environmental factors. Its long-
term stability can effectively improve model accuracy and strength, so using the topographic index
with a certain correlation with SOC as the input variable is necessary. Even though many studies
(Medina et al., 2017; Rossi et al., 2009) noted that SOC correlates with terrain attributes, the
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current study revealed that not all terrains correlated with SOC. On the other hand, some
researchers, including (2007), found a weakly positive correlation between curvatures and SOC.
Some of the terrain attributes had opposing correlations with a soil property such as SOC,
according to (Huang et al., 2017). The vegetation cover and type and the land cover are important
factors influencing SOC distribution. Higher above-ground biomass contributes to SOC
accumulation, whereas lower above-ground biomass limits SOC accumulation. In this research,
the land cover and NDVI with 30 m resolution correlated lowly with SOC content from the MIR
spectral library and wet chemistry datasets. These results are not expected since NDVI and some
class types of land cover, such as forest land, grassland, cultivated land and shrub land,
significantly affect the SOC content accumulation and spatial distribution. A negative correlation
may be caused by the exposure of soil on the surface due to the start of the winter season and low
vegetation covers; thus, the correlation between the SOC content and NDVI from 15 to 25 October
2000 is insignificant. Such results have also been observed by (Yangchengsi Zhang et al., 2019),
who found a negative correlation between NDVI and SOC content. Kunkel et al. (2022) noted that
the SOC and NDVI relationships for the Krui 2014 area were not found to be significant. In
contrast, the SOC and NDV!I relationships for the Merriwa 2015 area had weak but significant
relationships in eastern Australia. However, a negative correlation between SOC concentration
and certain land cover types, like agricultural land, was found by Mattsson et al. (2009). The SOC
content is highly correlated with some climate factor maps, such as temperature average and
maximum in both datasets. In contrast, precipitation and the minimum temperature moderately
correlated with SOC (Figures 4.12 and 4.13). The climate significantly influences the spatial
distribution and accretion of SOC in soils. Higher mean annual rainfall is generally associated with
lower mean temperature and, consequently, higher mean SOC content. Zhou et al., (2021) proved
a significant correlation between SOC and temperature at large scales, while opposing result
between SOC and precipitation by Mattsson et al., (2009). According to Figures 4.12 and 4.13,
SOC content from the MIR spectral library and wet chemistry datasets positively correlated with
most indices derived from Landsat5: bandl, band2, band3, band5, band6 and band7. At the same
time, band 4 had moderate relations with SOC. Moderate correlation may be due to the fact that
as the SOC content increases, the soil becomes darker in colour, decreasing the overall reflectance.
Similar results were reported by Zhang et al. (2020). Wilcox et al., (1994) stated that significant
correlations between the values of the land-sat TM bands and the SOC were detected in the USA.
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On the other hand, for the first scenario (SOC based on the MIR dataset), the most important
environmental covariates used by random forest spatial modelling were maximum temperature,
digital elevation model map, Landsat band6 layer, minimum temperature, valley depth layer,
precipitation and profile curvature layer map. In contrast, for the second scenario (SOC from wet
chemistry dataset), the most important was the maximum temperature, digital elevation model
map, profile curvature layer, topographic wetness index layer, Landsat band6 layer, temperature

average and valley depth layer map.
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Figure 4. 12. Correlation plot for SOC predicted from MIR spectral library and environmental variables used in this study
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Figure 4. 13. Correlation plot for SOC from wet chemistry dataset and environmental variables used in this study

4.6.2 DSM model results

4.6.2.1 Models performance comparison assessment

-1

A set of models, including the general linear model (LM), gradient boosting machine (GBM),
extreme gradient boosting machine (XGB), support vector machine (SVM) and random forest
(RF), were evaluated by coefficient determination (R?), Root Mean Squared Error (RMSE) and
Mean Absolute Error (MAE). The R2, MAE and RMSE of all the models for the spatial distribution
of SOC content based on the MIR dataset and wet chemistry are given in Figure 4.14 and Figure
4.15, respectively. In this study, comparing the different models showed that the RF was the most
appropriate estimating model with the highest coefficient of determination and the lowest RMSE
for both dataset scenarios. RF model performance assessment results of SOC based on the MIR
spectral library showed R? = 0.35, MAE = 0.59 and RMSE = 0.75 (Figure 4.14). The RF

assessment based on the wet chemistry dataset had lower results than the MIR dataset but was still
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higher than other models with R? of 0.20, MAE of 0.80 and RMSR of 1.0 (Figure 4.15). These
comparison results may be logical since RF has many advantages over other models. However,
the RF model had some disadvantages, such as being time-consuming but significantly more
accurate than most of the non-linear classifiers, robust, working with missing data and taking the
average of all predictions, cancelling out the biases and thereby fixing the overfitting problem (Ao
et al., 2019; Wang and Zhu, 2020). Even if there are correlations between them, the random forest
model avoids the elimination of predictive covariates that might be important for soil (Akpa et al.,
2014). Similar results were reported by Farooq et al., (2022) that RF proves better in predicting
SOC mapping using a set of models. Furthermore, Westhuizen et al., (2023) showed that the RF
model performed well in SOC and TN distributions in the DSM technique. On the other hand, the
linear model showed the worst results for both datasets scenarios, with R? of 0.18 and RMSE of
1.0 for the MIR dataset (Figure 4.14), while R? = 0.15 and RMSE = 1.5 for the wet chemistry
dataset (Figure 4.15).
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Figure 4. 14. Dot plot of SOC based on MIR dataset for the comparative assessment of selected five models: LM, GBM, XGB,
SVM and RF

83



LM

XGB

GBM

SVM

RF

00 02 04 06 08 10 12
1 1 1 1 1 1

1
RMSE

| |
Rsquared

=N

)

=3

T T T T T T T
00 02 04 06 08 10 12

MAE

RMSE

T T
00 02 0

T T T T
4 06 08 1

Rsquared

T
0 12

Confidence Level: 0.95

Figure 4. 15. Dot plot of SOC based on wet chemistry dataset for the comparative assessment of selected five models: LM, GBM,
XGB, SVM and RF

4.6.2.2 Assessment of random forest model performance using a combination of
environmental covariates and the two SOC datasets.

According to the models' comparative assessment result, the RF models were used to explore the
spatial trend in the input datasets and predict SOC content based on the SOC dataset from the MIR
spectral library as well as the SOC from the wet chemistry dataset to the specified depth of 0 — 30
cm. The RF model's error rate was calculated using validation sets for both scenarios. Table 4.11
shows the metrics of RF model performance in SOC content prediction based on the SOC from
the MIR spectral library and wet chemistry datasets for ten counties in Hungary. The first scenario,
which represents the combination of environmental covariates and the SOC-based MIR dataset,
had RMSE reaching 0.69 of the RF model prediction errors. In contrast, MSE represents 0.48
prediction errors, and the coefficient of determination is 0.34. The RF model performance
assessment for the second scenario, which represents the combination of environmental covariates
and SOC based on a wet chemistry dataset, showed higher prediction errors compared to the first
scenario with an RMSE of 0.96, MSE of 0.93 and coefficient determination of 0.20, respectively
(Table 4.11).

In comparison, the RF models used in this research showed the first scenario had better spatial
prediction accuracy than the second one, where SOC content was accurately estimated in-depth 0-
30 cm based on the MIR dataset (Table 4.11). The low performance of the RF in the second

scenario was contrary to expectations but significant; for example, there is a significant correlation
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between environmental covariates and SOC content. These results may be attributed to the fact
that the wet chemistry SOC dataset, despite having been used in one laboratory protocol, was
analysed in various laboratories using different equipment and technicians. These conditions may
have led to the inclusion of human errors and environmental laboratory errors within the dataset,
compared to the MIR spectral dataset, which was subjected to analysis by a singular individual
using one instrument, and all potential errors have been removed. The RF model performed poorly
even though the major factors controlling the SOC balance were generally present among the
environmental covariates. Although SOC spatial prediction accuracy assessment for the second
scenario, based on a wet chemistry SOC dataset, was low, it was still in the range or higher than
many studies. For instance, this value was higher than the results of the study conducted by Zhang
etal., (2021), who implemented four types of models (R? range from 0.06 to 0.21) as well as Yang
et al., (2023) who had low values of coefficient determination (R? of 0.10). In a study in Swedish
forests, Hounkpatin et al. (2021) reported that the prediction accuracy of SOC spatial distribution
at the national scale had R? values ranging between 0.10 to 0.30 using RF and quantile regression

forest, which generally had the same and low prediction range compared to our results.

Table 4. 11. Performance of the RF model for soil organic carbon content prediction based on MIR dataset in frame of the study

Map quality index Scenario 1 Scenario 2
(Based on MIR dataset) (based on wet chemistry dataset)
Coefficient Determination (R?) 0.34 0.20
Root Mean Square Error (RMSE) 0.69 0.96
Mean Square Error (MSE) 0.48 0.93
Concordance Correlation Cefficient (CCC) 0.45 0.31

Generally, the predictive capacity of the RF model for the first scenario (MIR dataset) in this study
has produced good results. SOC was accurately estimated with RMSE, MSE close to 0 and R?
close to 1, respectively (Table 4.11) when compared with studies using spectral data and
considering the inherent limitations of the national scale data sources. These results align with the
conclusions of some studies that used spectroscopy datasets combined with environmental
covariates to map SOC. Goydaragh et al., (2021) created a SOC map combining FITR spectra and
environmental covariates with an RMSE of 0.49 using an RF model. Similarly, Mirzaeitalarposhti
et al., (2017) applied a geostatistical model that varied from RMSE 0.8 to 0.2 for mapping SOC at
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a regional scale using MIR spectroscopy data. Seemingly, our data complexity result has shown
superiority compared to some of the metrics of this study (RMSE 0.8). A similar result pattern was
recently confirmed by Meng et al., (2022) using machine learning and soil spectral dataset. The
spatial SOC prediction performance obtained in our study is slightly better than those previously
obtained by (Tziolas et al., 2020, RMSE 0.61 - 0.92) using a small open soil spectral libraries
dataset for generating SOC maps, as well as by Yang et al., (2023), (R? 0.18) using vis-NIR
Spectroscopy as a covariate in SOC mapping. Conversely, the first scenario results (Table 4.11)
indicate better values than previous studies that applied traditional wet chemistry to map SOC.
Simbahan et al., (2006) and Yang et al., (2023) obtained low results for SOC mapping with
RMSE=9.60 and R? of 0.10 respectively. In this way, some results achieved by (Chabala et al.,
2017) with RMSE=0.64, (Akpa et al., 2016) and (Owusu et al., 2020) with R? of 0.34 in different
regions were in agreement with our results. In Hungary, Dobos et al., (2006) used the same
Hungarian SIMS database for spatial mapping of soil organic matter and had lower R? of 0.238
compared with one of our results. Recently, Szatmari et al., (2023) utilised the same SIMS dataset
for spatial prediction of organic carbon using a machine learning-based pedotransfer function with
an R? of 0.56, indicating the first scenario model result had the same range of performance.

On the other hand, there is still a gap in model performance accuracy in this study. The RF spatial
model did not produce a more accurate result than many other researchers, such as Sanderman et
al. (2021), who used a similar application of mapping-based MIR-estimated SOC and Peng et al.
(2015), who used visible near-infrared reflectance (Vis-NIR) spectra for SOC at a regional scale.
Several factors, including the number of observations, the type of model, the variability of soil
properties, and the ability of environmental variables to describe soil variations, can affect the
accuracy of model prediction (Taghizadeh-Mehrjardi et al., 2020). This study's imprecision result
may be due to sampling size and density, especially on a large national scale. Besalatpour et al.
(2013) support this assumption by stating that a considerable amount of information is required
for building appropriate tree-based machine-learning models like random forests despite numerous
studies showing that the effectiveness of ML models was not related to sampling size when
estimating soil attributes (Tajik et al., 2020; Zeraatpisheh et al., 2019). Therefore, improving this
spectral library using sampling strategy by optimising the number and placement of sampling
points within the target area and adding new soil samples, in addition to the remaining soil samples

from the SIMS survey, can enhance not only the spatial model accuracy but can be used to
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successfully reduce the maps' prediction uncertainty, as several papers have shown (Szatmari et
al., 2019; Zhang et al., 2016), but this decision might be expensive and time-consuming. On the
other hand, to improve model accuracy, Dobos et al. (2006) suggest that a block sampling design
would be more suitable for the monitoring system and produce a much better and more consistent
SOC database. Additionally, it would aid in data regionalisation, which is one of the most
significant issues at the national level. In addition, the low-performance accuracy may be caused
by the lower spatial resolution of some environmental covariates (climate layers) and the narrow
range in the values of those covariates used in this study.

4.6.2.3 Spatial prediction of SOC content

A useful application of MIR technology is to use estimates of soil properties from MIR
spectroscopy to increase the amount of data available for efforts at predictive soil mapping (Chagas
et al., 2016; Sanderman et al., 2021). In this study, SOC content estimated from the MIR spectral
library for 542 soil profiles spread across the study area was successfully predicted using an RF
predictive soil mapping approach to arrive at a 30 m resolution digital map of SOC for the 10
Hungarian counties. Figure 4.16 presents the spatial distribution of SOC content based on the MIR
spectral library over 10 Hungarian counties. The estimated SOC content shows significant
variation in their spatial distribution across the study area. Generally, a trend of decreasing SOC
content from the eastern region to the central sector of the country is clearly recognised. Therefore,
the highest values of SOC content were observed in the northeast and southeast of Hungary (Figure
4.16). The SOC content decreased in the central region and certain parts of the southwestern and
northwestern regions (Figure 4.16). This may be because sandy and skeletal soils with low original
organic matter contents are situated in the southwestern and central parts of Hungary. A
remarkable increase in some spots showed between these regions. Many factors, including climatic
conditions, mineralogy, texture, altitude, topography, and land use, impact the SOC distribution
(Vos et al., 2019; Zhang et al., 2017). Dobos et al., (2006) stated that in Hungary the spatial
distribution of SOC content is influenced by climatic, geological, biotic, and human influences on
soil formation. The area with a high SOC content was expected to be mainly distributed in the
regions covered with clay and organic soil texture, chernozems, meadow and organic soil types,
and the high-elevation and forest areas. Generally, trees, grassland and cropland produce a lot of
leaf litter, which, after being mineralised, becomes a source of SOC. Additionally, many ecological

processes, including micro and macrofauna, as well as other physical processes critical to the
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equilibrium of soil carbon dynamics, are preserved in forest soils (Lal, 2005). However, it can

sometimes be difficult to accurately model SOC because it can exhibit extraordinarily wide

variations even within the same land-use and land-cover classes (Minasny et al., 2017).
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Figure 4. 16. Spatial prediction of SOC content based on MIR spectroscopy for 10 Hungarian counties (0 — 30 cm)

45

Spatial distribution of SOC content based on the wet chemistry dataset over 10 Hungarian counties

as a result of the application of the fitted random forest model shown in Figure 4.17. Despite the

weak statistical correlation, the map's overall appearance is encouraging. It is consistent with how

we currently understand the spatial distribution of SOM content in Hungary, which is influenced

by climate, geology, biotics, and human influences on soil formation.

By comparing the first and second scenario maps (Figures 4.16 and 4.17), these two maps showed

similar features and spatial distribution patterns of SOC, and there weren't many differences

between them. In the second scenario, where the SOC-based wet chemistry dataset was used, the

high SOC contents were observed in the study area's east, northeast and southeast. In contrast, low-
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high SOC contents were concentrated in the central part, southwestern and northwestern Hungary
(Figure 4.17). Although the second scenario map looks similar to the first scenario map, the first
scenario still has some spatial differences, which are related to the predictor variables that they
used for predicting the SOM contents and produced a much more detailed and accurate picture

based on visual inspection by experts than a map of the second scenario.
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Figure 4. 17. Spatial prediction of SOC content based on the traditional laboratory dataset for 10 Hungarian counties (0 — 30 cm)

The most significant difference between the two scenario maps is located in the small line from
the corner at the southwest part until the middle of the study area (Figure 4.17). The main
difference was a higher SOM content in the wet chemistry dataset (second scenario) model in this
line. Still, there was a lower SOM content in the MIR spectral library (first scenario) model (Figure
4.16). Another main difference was located in the east corner part of the study area, where the
SOC value from the first scenario was higher than that from the second scenario. There were some
slight differences between the two scenario maps in the middle, southwest and northwest of the
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study area, where the SOM value from wet chemistry was lower in a wide area than in that from
the first scenario. Generally, the map predicted using the MIR spectral library dataset model was
smoother than those predicted using the wet chemistry laboratory-based model, which was the
overall distinguishing factor between the two scenario maps. These can be accounted for by the

fact that the MIR model's prediction tends to smooth out variation.
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5. CONCLUSION AND RECOMMENDATIONS

5.1 Conclusion

We report the contribution to the first middle infrared (MIR) soil spectral library with 2200 soil
samples for Hungary based on legacy soil samples of the SIMS project and the prediction of nine
soil attributes in the Hungarian SIMS system. Models were built using PLSR for the “10-county”
level, ten counties, and six soil types using the SIMS reference soil database and the spectral library
data.

The MIR spectral library is valuable for estimating soil properties such as SOC, CaCO3, and
physical soil texture with variable results between “10-county”, county and main soil type model
scenarios.

The results were logical for spectrally active elements, including SOC, CaCO3, sand and clay, and
silt and CEC, which are not spectrally active but correlated with other active constituents. Further,
it was noted that for soil properties that are not spectrally active with low content in the soil or
have small sizes of samples, the prediction could turn out to be inaccurate (like pH water).

In terms of DSM, the current study proposed a novel method for estimating SOC that combines
environmental covariates with an MIR spectral library using the RF model. The main result is
producing a SOC information map based on the MIR spectral library in the form of unique digital
soil map products, which were optimally elaborated for the “10 counties” level. The 542 predicted
point results from the spatial models with the SOC data expected from the MIR spectral library
and traditional wet chemistry datasets were compared. This study tested and compared the MIR
spectral library spectroscopy and conventional wet chemistry analysis methods in mapping SOC.
Therefore, combining the MIR spectral library with environmental covariates and models is an
efficient method for assessing the SOC contents in understudied settings. RF predicted the map of
the spatial distribution of the SOC was more realistic and interpretable in terms of the soil-
environmental covariates and produced a fine spatial resolution (30m x 30m) digital soil map of
the SOC. Such maps can be used for planning purposes to understand better the impacts of land
use and climate on SOC cycling and site-based nutrient optimisation strategies and contribute to
reducing potential environmental concerns.

This methodology could be used as a basis for rapidly developing spatial models based on the

information contained in the Hungarian MIR spectral library at the “10 counties” scale (10
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counties) and, thereby, initiate a step toward large-scale soil mapping (19 counties) based on the
current and upcoming environmental covariates data in supporting and tracking the progress of the
Sustainable Development Goals.

The results showed that legacy soil samples could generate a spectral library with good-quality
information. This study contributed to building the first Hungarian Mid-infrared spectral library,
which provides rapid soil estimates at a low cost and forms the basis for updating soil information
and monitoring systems. It can be used in soil surveys, DSM, and soil classification. Furthermore,
the current study prediction findings demonstrated that the MIR spectral library could be a source
of information for determining soil spatial distribution and mapping SOC at the “10 counties”
level. The approach could get around the national scale's lack of comprehensive spatial data on

the soil.

5.2 Recommendations

Based on the final findings of this study, the following points can be recommended:

v Further work is required to produce maps of the remaining fundamental soil properties
predicted with high-accuracy assessment from the MIR spectral library (CaCO3, soil
texture) based on the developed database (MIR spectral library and environmental
covariates) in the study area.

v Improving this Hungarian MIR spectral library is suggested by adding new soil samples,
in addition to the remaining soil samples from the SIMS survey to include all soil types in
Hungary

v' Generating a SOC content map and other main soil properties representing all the
Hungarian counties after improving the Hungarian MIR spectral library.

v' We hope its soil information will be available to soil scientists, land managers,

conservationists and other stakeholders for informed decision-making.
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1.

6

KEY SCIENTIFIC FINDINGS AND IMPORTANT OUTPUT

In my doctoral studies, | recorded the middle-infrared absorbance of 2,200 legacy soil
samples from the Soil Conservation Information and Monitoring System (SIMS) project to
contribute to developing the first Hungarian middle-infrared spectral library. This spectral
library was built for the first time and successfully used in Hungary at a regional scale,
representing the spectral variability the soils of 10 Hungarian counties and six main soil
types. The spectral library enables efficient soil property prediction and spatial mapping,

supports efficient soil monitoring, and serves as a base for numerous future research topics.

In this research, the developed middle-infrared (MIR) spectral library was tested for the
prediction of a set of soil properties using three Partial Least-squares Regression model
scenarios, “10 counties”, “county”, and “main soil type”, based on calibration between
MIR spectra and reference soil data (Soil Conservation Information and Monitoring
System database). | achieved excellent results for predicting soil organic carbon (R = 0.80,
RMSE = 0.57), CaCOg3 content (R? = 0.77, RMSE = 5.96) and soil texture (Clay — R? =
0.80, RMSE = 6.97; Sand —R? = 0.85, RMSE = 10.97; Silt - R? = 0.69, RMSE = 10.79)
even on “10 counties” scale making this study the first to test the efficiency of a mid-

infrared spectral library across such a large area in Hungary.

Based on the developed mid-infrared spectral library and 21 environmental covariates, |
have produced the first digital soil organic carbon content map (0 — 30 cm) using spectrally
predicted soil organic carbon values at Hungary's “10 counties” level using a random forest

model selected from the set of 5 models.

By comparing the produced SOC map based on the MIR spectral library against the SOC
map generated from the SIMS reference soil database, this study validated the accuracy of
the SOC from the MIR spectral library (R? = 0.34 vs R? = 0.20). This research lays an
excellent and novel base for validating the MIR database map using a reference soil

database.
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7 SUMMARY

Updating Soil Information Systems (SIS) requires using advanced, environmentally friendly, time-
saving, and cost-effective technologies. Furthermore, given the significant spatial heterogeneity of
soils, additional representative soil observations are required to capture soil spatial variation more
accurately and improve the accuracy of digital soil maps. Budgets for fieldwork surveys and soil
laboratory analysis are typically constrained due to their high costs and ineffectiveness. In this
work, the use of mid-infrared (MIR) spectroscopy as an alternative to wet chemistry is proposed.
MIR spectroscopy is a useful technique for predicting certain soil attributes with high accuracy,
efficiency, and low cost. The creation of the spectral library, via modelling and prediction, can
provide more soil attribute information for Digital Soil Mapping (DSM), which is an efficient
approach to delivering fine-spatial-resolution and up-to-date soil information in evaluating soil
ecosystem services. Enhancing the knowledge of Soil Organic Carbon (SOC) spatial distribution
is also essential in efficient nutrient management and carbon storage capacity.

This study focuses on the potential of the MIR spectral library in enhancing the Hungarian SIS by
providing the opportunity for good cost-benefit and fast soil data acquisition that data can be used
in DSM as well.

In this thesis, the establishment of chemometric models and spectral-based prediction of a wide
range of key soil properties will be presented based on 2200 soil samples (representing 10
Hungarian counties) collected from the soil archives of the Soil Information and Monitoring
System (SIMS). Spectral information in the MIR region (2500 — 25000 nm) was acquired using
the Bruker Alpha Il Fourier Transform Infrared Spectrometer. Archived soil samples were
prepared and scanned based on the Diffuse Reflectance Infrared spectroscopy (DRIFT) technique,
and spectra were saved in the Fourier Transform Infrared (FTIR) spectrometer OPUS software.
As preprocessing data filtering, outlier detection methods and calibration sample selection
methods were applied. MIR prediction models were built for soil attributes using the Partial Least
Square Regression (PLSR) method; later, properties were predicted and validated using training
and testing datasets, respectively. Coefficient determination (R?), root mean square error (RMSE),
and ratio performance to deviation (RPD) were used to assess the goodness of calibration and
validation models. The second part of the research involved mapping and comparing soil organic
carbon (SOC) content based on the MIR spectral library and reference soil data, as well as

environmental covariates. The SOC content results were predicted, mapped and compared using
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two scenarios. The first scenario included a predicted SOC content dataset from the MIR spectral
library and 21 environmental covariates. This scenario was applied to evaluate the potential of the
MIR spectral library for spatial mapping of SOC at 10 Hungarian County level. The Random
Forest (RF) model was selected from a set of models and used for spatial digital SOC map
modelling using a calibration set (70%). The second scenario contained SOC based on traditional
wet chemistry and 21 environmental variables. RF model and calibration set (70%) was selected
from a set of models and used for spatial SOC map. This scenario was used to compare and check
the accuracy of the first scenario.

The results of this research showed the MIR spectral library can provide information for modelling
and estimating significant soil properties through various scale models (10-county, county, and
main soil types). There were good results for SOC, CaCO3, and physical soil texture with variable
results between 10 counties, counties, and main soil type model scenarios. The results were logical
for the CEC, exchangeable Ca and Mg. Poor results were achieved for pH water. Spatial mapping
SOC results indicated that the first scenario (SOC based on the spectral library) and 21
environmental covariates had better spatial prediction accuracy (R? = 0.34, RMSE = 0.69 and MSE
= 0.48 than the second scenario (SOC based on the wet chemistry dataset) with R? = 0.20, RMSE
=0.96 and MSE = 0.93 using a validation set (30%). The two maps showed significant variation
in SOC spatial distribution, and both have similar SOC spatial distribution patterns with some
spatial differences in some parts. Maximum temperature, digital elevation model, Landsat band6
layer, and minimum temperature were the significant environmental covariates affecting spatial
SOC distribution based on the MIR spectral library. In contrast, maximum temperature, digital
elevation model, profile curvature layer, and topographic wetness index layer were the major
environmental variables affecting spatial SOC distribution based on the wet chemistry dataset in
the study area.

The findings showed that the Hungarian MIR spectral library soil predictions are precise enough
to provide information on 10-county, county, and main soil type levels. They also enable a wide
range of soil applications that demand extensive soil sampling, such as DSM and precision
agriculture. The combination of SOC based on the MIR spectral library and environmental

covariates is a precise approach to monitoring SOC content at 10 Hungarian counties.
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