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Abstract 

 

The soil plays an important role in the global carbon cycle and the balance between the rates 

of organic carbon input and output determines at large scale the amount and the turnover of soil 

organic carbon (SOC). Thus, soil can act as both carbon store and supplier of carbon emissions 

increasing atmospheric greenhouse gases (GHGs), having a great potential in climate change 

mitigation. Changes in land use are those particularly involved in SOC accumulation and in 

loss of carbon dioxide (CO2) in the atmosphere as GHG. With this purpose, sustainable land 

management are necessary to be applied for carbon storage and sequestration. However, 

assessing the composition of SOC is important to understand the mechanisms through which 

soil C pools can be directly linked with its potential to sequester atmospheric CO2. The study 

of the SOC composition span from the micro to the macro-scale, and the application of Vis-

NIR spectroscopy technique can couple some positive aspects of the resolution of the fine scale 

with a wide and easy applicability. In this framework, as a rapid technique for measuring SOC 

based on the diffuse soil reflectance, the application of Vis-NIR spectroscopy and integration 

with satellite Sentinel-2 data were applied. 

With the aim to analyze the organic and inorganic C pools, the soils of an organic farm in 

South of Italy were chosen. In this farm, the principles of conservation agriculture are adopted 

in apple cultivation. The organic and inorganic C pools were measured on 56 georeferenced 

soil samples, for a total study area of about 3 hectares, applying different methods, from dry 

combustion at high temperature, CNS analyzer and furnace loss on ignition for total and organic 

C, to wet oxidation procedures, also for soluble forms of organic C. This differentiation in 

methods allowed making a distinction between the more stable (recalcitrant) organic C forms 

in the soil from the more labile ones and more subject to mineralization phenomena. Spatial 

regression models allowed taking into account the role of topographical parameters and other 

soil properties on dynamics of organic and inorganic C pools. Vis-NIR spectroscopy, as a 

proximal sensing technique, was used to model calibrations and validations for the prediction 

of the investigated soil C fractions. From the combinations between different spectral 

preprocessing and regression models, second derivative transformations and partial least 

squares (PLS) regression have achieved excellent results, made by the average values of 

R2=0.85 and RPD=2.5 for soil organic C predictions, and R2=0.75 and RPD=1.7 for soil 

inorganic C. The evaluation gap of soil C pools from field to farm scale was improved by the 
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satellite Sentinel-2 data in Vis-NIR predictive models. The obtained accurate results proved 

that remote sensing could be a powerful tool to recognizing the various soil C pools, especially 

those most exposed to the risk of degradation and erosion. In addition, the combination between 

soil laboratory analysis and Vis-NIR spectroscopy and satellite data can be very useful with a 

precision agriculture approach. 
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Chapter 1 

Introduction 

 

 

 

1.1   The potential carbon sequestration of the soil 

 

The soil plays an important role in the global carbon cycle and the balance between the rates 

of organic carbon input and output determines at large scale the amount and the turnover of soil 

organic carbon (SOC) (Lal, 2004, 2008; Krull et al., 2004; Doetterl et al., 2015). The carbon 

input is the sum of a large variety of organic carbon compounds added to the soil, crop residues, 

roots that die off, live fauna, organic carbon in manure and wastes. As recently suggested by 

Navarro-Pedreño et al. (2021), organic carbon gain in soil involves storage and a possible 

reduction of CO2 in the atmosphere. When organic compounds enter the soil, they can be 

decomposed partially or totally by microbial life to extract chemical energy from them, which, 

under aerobic conditions, results in the emission of CO2. On the contrary, carbon sequestration 

leads to storage of the organic compounds in the soil, through the removal of CO2 from the 

atmosphere (Figure 1.1). 

 

 

Figure 1.1   Plant C input and loss pathways in soil: main input photosynthesis, main output respiration, 

erosion and leaching of C, as well as harvest, herbivory, emissions of volatile organic compounds (De 

Deyn, 2015). 
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The carbon sequestration, described as long-term soil response, was considered by Bernoux 

et al. (2006) as “the result for a given period of time and portion of space of the net balance of 

all GHG expressed in C-CO2 equivalent or CO2 equivalent computing all emissions sources at 

the soil–plant–atmosphere interface, but also all the indirect fluxes”. Thus, soils can act as both 

carbon store and supplier of carbon emissions increasing atmospheric greenhouse gases 

(GHGs), having a great potential in climate change mitigation. Moreover, the role of soils is 

essential in global negotiations (CO2 market) as carbon storage mechanisms to mitigate climate 

change, being an important part of the carbon footprint over the life stages of a product 

(Navarro-Pedreño et al., 2021). 

SOC and its potential to become a “managed” sink for atmospheric carbon dioxide (CO2) 

has been widely discussed in the scientific literature (Kirschbaum, 2000; Post and Kwon, 2000; 

Guo and Gifford, 2002; Post et al., 2004; Smith, 2008; Chabbi and Rumpel, 2009; Luo et al., 

2010). The factors that most affect the potential of carbon storage of the soil consist of the 

environmental conditions (climatic factors), soil management and the type of soil and 

transformation processes, including biological interactions (von Lützow and Kogel-Knabner, 

2009). These factors include soil temperature, soil moisture and water saturation, texture, 

topography, salinity, acidity, vegetation, and biomass production (Bot and Benites, 2005; 

Magdoff and Van, 2010). Above all, land management practices are those that have the greatest 

influence on carbon storage potential (Stockmann et al., 2013; Paustian et al., 2016). SOC is a 

component part of soil organic matter (SOM), and in order to assess the SOC relate to SOM, it 

is generally accepted that the factor 1.72 estimates SOC 58% of the SOM total. SOM is different 

from SOC, because SOM includes together with organic carbon all the elements H, N, O, etc. 

which are also part of organic compounds (Swift, 1996). In general, SOC is extremely dynamic, 

because its highly reactive, its used as a source of energy for all microorganisms and other biota 

in the soil, and is preferentially removed by erosional processes because it has low density and 

is located in vicinity of the soil surface (Lal, 2015). Because of this dynamic, sustainable land 

management practices are desirable to be applied for carbon store and sequestration. 

Changes in land uses are those particularly involved in soil organic carbon contents. As 

suggested by Jafarian and Kavian (2013), the soils in the native forest ecosystems have a 

significantly greater organic C content than those in the dry lands and grazing lands, due to 

increased (above and belowground) biomass and reduced litter decomposition rates. Guo and 

Gillford (2002) highlighted the influence of land use changes on soil C stocks, demonstrating 

that changing land use from cropland to pasture or cropland to permanent forest result in the 

greatest gains of SOC. On the contrary, Minasny et al. (2011) after long-term investigation on 
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dynamics of SOC found that changes in land use from forest to plantation and cultivated land 

resulted in increasing of total SOC, denoting thus that human interventions to increase plant 

production through fertilizer application and other management can also positively affect SOC 

contents. 

Different authors (Bian et al., 2013; Stockmann et al., 2013; Kämpf et al., 2016; García-Díaz 

et al., 2018) agree that no-till, conservation tillage, groundcover and cover crops integrated in 

grain, forage and agro-forestry systems, and grassland management are the best SOM 

management practices, to enhance carbon sequestration and ensuring long term productivity. 

Nevertheless, as suggested by Yang et al. (2019), the total soil organic carbon cannot reflect 

changes of the introduction of sustainable land practices because it often takes years before 

shifts in agricultural management show detectable variations in SOC content. It is essential then 

understand how SOC is lost or stabilized in soil into different functional pools depending on 

their varying residence time (Sahoo et al., 2019). As considered by Haynes (2005), labile pool 

(active pool) is the most sensitive pool available relatively in small proportion as it is easily 

affected by fluctuation in environmental conditions. On the contrary, the non-labile pool 

(passive pool) is more stable and recalcitrant fraction of SOC forming organic-mineral 

complexes with soil mineral and gets decomposed slowly by microbial activity (Wiesenberg et 

al., 2010). Indeed, in the more recent years, researches and knowledge about different soil 

organic carbon pools have received more attention due to their sensitivity to management 

practices than bulk SOM or SOC stock. 

 

1.1.1   Knowledge about the organic carbon pools of the soil 

Carbon (C) storage is an important ecosystem function of soils that has gained increasing 

attention in recent years due to its interactions with the earth’s climate system (FAO and ITPS, 

2015). Now, it is widely accepted that the soil is a major C reservoir that holds more carbon 

than is contained in the atmosphere and terrestrial vegetation combined, and all three of these 

reservoirs are in constant exchange. Understanding the composition of SOC is important 

because soil OC comprises many different organic compounds and structures, each interacting 

uniquely with the soil component and decomposing rate. While the physical forms can contain 

similar classes of organic compounds, such as phenolics, proteins, lipids or carbohydrates, they 

may differ in origin from plant residues or in situ microbial remains (Tate, 1987). Conversely, 

they can be of similar origin but be present in different parts of the organic matter and represent 

different stages of decomposition, such as lignin in the more labile part, poly-phenolic 

compounds in the humic part or char-carbon phenolic residues in the more resistant part 
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(Stevenson, 1994). In many soils SOC, which contains roughly 55-60 percent C by mass, 

comprises most or all of the C stock, especially when there is a scarce carbonate concentration. 

Generally, SOC is composed of plant litter compounds as well as of microbial decomposition 

products. SOC is thus a complex biogeochemical mixture derived from organic material in all 

stages of decomposition (von Lützow et al., 2006; Paul, 2014). Due to microbial degradation 

and mineralization to CO2, the majority of plant litter compounds added to soil remain for a 

relatively short time (from a few days to a few years). However, some organic matter 

compounds may persist in the soil for decades or centuries or even for millennia (Paul et al., 

1997; von Lützow et al., 2006). Considered as one of the key indicators of soil fertility and 

quality, SOC is comprised of diverse and heterogeneous organic substances that can then 

significantly influence the physical and biochemical reactions that occur in soils (Cambule et 

al., 2012; Dhillon et al., 2017). SOC content, considered as a good indicator of a healthy soil 

system, is related to a wide range of soil properties and processes, such as soil structure, water-

retention capacity, nutrient cycling, and biological activity (de la Paz Jimenez et al., 2002). 

Over the last two decades, research on SOC has focused largely on their chemical structure 

and the effects of inorganic colloids on the polymerization of single organic molecules 

(Schnitzer and Schulten, 1992; Liu and Huang, 2002). However, in the last years conceptual 

SOC models changes and experimental advances have demonstrated that molecular structure 

alone does not control SOC stability (Schmidt et al., 2011). SOC indeed, can be protected in 

the soil matrix through physical stabilization processes, as well as by inherent “chemical  

 

 
Figure 1.2   Constituents of soil carbon pool (DOC, dissolved organic C; POC, particulate organic C; 

MOC, mineral organic C) (adapted from Lal, 2017). 
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recalcitrance”. According to Six et al. (2004), the main physico-chemical stabilization 

processes are the protection within aggregates which translates to spatial inaccessibility of soil 

microbes to organic compounds and a limitation on oxygen availability and, interactions with 

mineral surfaces and metal ions. Now, SOC is conventionally divided into at least three C pools, 

the “active pool” (root exudates, rapidly decomposed components of fresh plant litter) with 

turnover rates of years, the intermediate or “slow pool” with turnover rates of decades and the 

“passive pool” (stabilized organic matter due to chemical or physical mechanisms) with 

turnover rates of centuries to millennia (Trumbore, 2009). 

It is widely accepted that soil C to contribute to climate regulation by sequestration, needs 

to be in a stable, non-labile form that will not be susceptible to losses should the system be 

perturbed by a change in tillage or by climatic changes that increase microbial activity (Lal, 

2004; Powlson et al., 2012). Indeed recently, dissolved organic matter (DOM) has been defined 

as the most dynamic and bioavailable fraction of SOC, responsible for stimulating soil 

microbial activity to promote the decomposition of SOM (Liu et al., 2019). Different authors 

have deepened their researches on labile forms of organic carbon, to comprehend the 

mechanisms through which soil C pools can be directly linked with its potential to sequester 

atmospheric CO2. Solubility in water is one attribute of readily bioavailable SOC. Different 

extractants are used to obtain DOM, ranging from cold water to aqueous solutions of different 

ionic strength to simulate the soil solution, since there are no standard methods for measuring 

it. Wen et al. (2016), Tokarski et al. (2020) and Zhang et al. (2020) isolated two different 

organic carbon fractions, both as labile C pools or active pool according to Zimmermann et al. 

(2007), which are water-soluble organic carbon (WSOC) and particulate organic carbon (POC), 

obtained with extraction with soil to water solution and density solution, respectively. They 

found that combining crop straw residues with chemical fertilization could be an important 

strategy for increasing labile fractions of soil organic matter, which in turn significantly enhance 

soil macroaggregate content and then OC storage. Sarkhot et al. (2011) obtained the same 

results extracting available C forms with soil to water solution heated at 80°C to facilitate the 

dissolution of labile organic carbon fractions in water. 

On the other hand, more stable and recalcitrant organic carbon fractions have suggested to 

be important for long-term sequestration of SOC. Different authors (Helfrich et al., 2007; von 

Lützow et al., 2007; Álvaro-Fuentes et al., 2008; Poeplau et al., 2013 and 2018) managed to 

isolate two slow cycling organic material, SOC attached to sand and clay grains in stable 

aggregates without being chemically resistant, and a chemically resistant fraction. The first one 

is obtained treating soil in a density solution, as the heavy fraction (HF) of POM, and the second  
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Figure 1.3   A wide range of mechanisms of stabilization of soil organic matter (adapted from Lal, 2017). 

 

one often indicated as rSOC, obtained with strong NaOCl oxidation, as described in Mikutta et 

al. (2006). 

Several studies have link empirically diverse carbon fractions to the theoretical components 

of SOC in more complex turnover models (Lehmann and Kleber, 2015). However, an empirical 

link, between the distribution of carbon in fractions and pools, does not necessarily mean a 

functional link, with model pools with a similar turnover or respond to changes in a similar way 

(Poeplau et al., 2013). Only few SOC models have been validated by measurable fractions, 

which in turn originate from different fractionation techniques (Zimmermann et al., 2007). 

Typical fractionation techniques include either physical or chemical (wet) separation of SOM 

or a combination of both (Poeplau et al., 2018). Physical fractionation are based on the premise 

that the association of soil particles and their spatial arrangement play a key role in SOC 

dynamics, because bioaccessibility is a prerequisite for decomposition (Christensen, 2001). 

Accordingly, the fractions are isolated by different degrees of disaggregation, dispersion, 

density fractionation and particle size separation (Poeplau et al., 2018). Aggregate fractionation 

is based on the separation of free SOM and protected SOM that is occluded in secondary 

organo–mineral assemblages of different sizes (Mikutta and Kaiser, 2011). Similar to physical 

fractionation, density one is applied to isolate SOM that is not firmly associated with soil 

minerals (light fraction) from organo–mineral complexes (heavy fraction) (von Lützow et al., 
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2007). Lighter fractions consist mostly of pieces of plant residues, as particulate SOM (POM), 

either free (fPOM) or occluded in aggregates (oPOM) (Christensen, 1992). 

Instead, chemical fractionation reflects the view that stability and turnover of each fraction 

is determined by its chemical composition. Hence, wet chemical procedures include 

fractionation of SOM according to solubility, hydrolysability, and resistance to oxidation or by 

thermal destruction (von Lützow et al., 2007). In particular, extraction of humic substances is 

popular because they generally extract large quantities of humic material in most soils 

considered to be refractory, thus belonging to the passive SOM pool (Hayes and Clapp, 2001). 

The combination of both procedures typically employs physical fractionation by using density 

or particle size fractionation to separate labile SOM fractions from stable SOM bound to 

minerals in the first step. In general, there are already differences in terms of accuracy of 

measured total SOC content, between dry and wet combustion. Chatterjee et al. (2009) have 

done an overview of these techniques. Wet combustion procedure involves oxidizing SOM to 

CO2 with a solution containing potassium dichromate (K2Cr2O7), but this reaction is insufficient 

to oxidize carbonaceous matter. As reported in more popular wet combustion method by 

Walkley and Black (1934), the incomplete digestion of organic materials assuming 76% 

recovery, is replaced by using the correction factor of about 1.30, as suggested by Santi et al. 

(2006) for Italian calcareous soils. Moreover, recovery values tends to increase when passing 

from silt-loam and loam to sandy soils, and decrease from deepest soil horizons to superficial 

ones (De Vos et al., 2007). 

On the contrary, dry combustion methods lead to an overestimation of organic materials in 

the soil, compared to wet combustion, because of involving of oxidizing of SOC at a high 

temperature. From loss-on-ignition (LOI) procedure, the SOM is assessed by measuring the 

weight loss from a dry soil sample (oven-dried at 105°C) after high temperature ignition of the 

carbonaceous compounds in a muffle furnace. LOI to SOC conversion generally requires a 

correction factor of about 0.58, based on assumption that SOM comprises 58% of SOC. 

However, several researches (Hoogsteen et al., 2015; Jensen et al., 2018) indicated the 

inaccuracy of conversion, due to different soil types and different concentration of inorganic 

carbon and clay minerals in the studied soils (Ben-Dor and Banin, 1989). From these results 

given by a considerable improving of conversion from LOI to SOC, LOI parameter should be 

also corrected on the basis of clay content, to avoid over-estimating the SOM content by 

correcting for structural water loss. 

The other dry combustion method involves the automated analyzer for determining total C 

content, via oxidation of both inorganic and organic carbon fractions to CO2, treating the soil 
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samples at 950–1150°C. As rightly suggested by Chatterjee et al. (2009), measurements of C 

pools using automated analyzers are becoming standard procedure, due to several positive 

benefits produced, including the high accuracy of measurements, no loss of soil C during 

combustion and potential for simultaneously measuring nitrogen and sulfur. Dry combustion 

with auto analyzers have higher precision than wet combustion or LOI, due to possibility to 

detect even the inorganic fractions of carbon and those more recalcitrant of organic part, which 

instead remain with the others procedures, or are only in part degraded, contributing to 

misleading measurements. Table 1.1 shows the specifications of the different measurement 

techniques of the SOC. 

 

Table 1.1 

Comparison of methods used for determination of total C in soils (from Nelson and Sommers, 1996). 
Method Principles CO2 determination Advantages Disadvantages 

Dry combustion 

(resistance 

furnace) 

Sample is mixed with 

CuO and heated to 

1,000°C in a stream 

of O2 to convert all C 

in sample to CO2. 

Gravimetric 

Titrimetric 

Reference method 

widely used in 

other disciplines. 

Variable sample 

size. 

Time-consuming. 

Leakfree O2 sweep 

train is required. 

Slow release of 

CO2 from alkaline 

earth carbonates. 

Dry combustion 

(induction 

furnace) 

Sample is mixed with 

Fe or accelerators and 

rapidly heated to 

>l,650°C in a stream 

of O2 to convert all C 

in sample to CO2. 

Gravimetric 

Titrimetric 

Rapid combustion. 

High temperature 

ensures conversion 

of C to CO2. 

Leakfree O2 sweep 

train required. 

Induction furnace is 

expensive. 

Dry combustions 

(automated 

methods) 

Sample is mixed with 

catalysts or 

accelerators and 

heated with 

resistance or 

induction furnaces in 

a stream of O2 to 

convert all C in 

sample to CO2. 

Gas 

chromatography 

(thermal 

conductivity or 

flame ionization 

detectors) 

Rapid and simple. 

Good precision. 

Expensive 

equipment. 

Slow release of 

CO2 from alkaline 

earth carbonates 

with resistance 

furnace. 

Wet combustion 

(combustion 

train) 

Sample is heated with 

K2Cr2O7-H2SO4-

H3PO4 mixture in a 

CO2-free air stream 

to convert all C in 

sample to CO2. 

Gravimetric 

Titrimetric 

Equipment readily 

available. 

Good accuracy. 

Easily adapted to 

analysis of 

solutions. 

Titrimetric analysis 

of CO2 less subject 

to operator error. 

Time-consuming. 

Gravimetric 

determination of 

CO2 requires 

careful analytical 

techniques. 

Titrimetric 

determination of 

CO2 less precise. 

Wet combustion 

(Van Slyke-

Neil apparatus) 

Sample is heated with 

K2Cr2O7-H2SO4-

H3PO4 mixture in a 

combustion tube 

attached to a Van 

Slyke-Neil apparatus 

to a convert all C in 

sample to CO2. 

Manometric  Great skill needed 

to operate 

equipment. 

Equipment 

somewhat 

expensive and 

easily damaged. 
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Figure 1.4   Electromagnetic spectrum in which the visible (Vis), near infrared (NIR), medium infrared 

(short-wavelength IR as SWIR) and thermal infrared (TIR) regions are highlighted. 

 

Although soil sampling in the field and wet and dry combustion can be considered as the 

standard methods for assessment of C organic fractions of the soil, the whole process is 

expensive, time consuming and labor intensive. New techniques of soil carbon evaluation 

(predictive models) are based on remote sensing and spectroscopic measurements (Ben-Dor et 

al., 1999), even in the field, including near infrared (NIR) spectroscopy (Figure 1.4). The 

integration between the chemical laboratory analysis and spectral techniques (chemometrics) 

can contribute to the increasing of sustainability of measurements of organic carbon fractions 

of the soil, which continuously require deepest knowledge to comprehend well the role of the 

soil in mitigating climate changes. 

 

 

1.2   Large scale and fast techniques for the assessment of soil organic carbon: proximal 

and remote sensing 

 

Infrared reflectance spectroscopy is a rapid technique for measuring soil C based on the 

diffusely reflected radiation of irradiated soil (McCarty et al., 2002). In particular, the NIR 

spectral domain uses a quantitative determination of components of complex organic 

compounds, based on the absorption of the C-H, N-H, and O-H groups. Assessment and 

prediction of SOC using reflectance spectroscopy have been undertaken for several years, since 

Viscarra Rossel et al. (2006) and Torrent and Barrón (2008) laid the first solid foundations for 

the application of spectroscopy to the study of soil properties. 
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To give an overview, NIR spectroscopy can be considered as a proximal soil sensing (PSS) 

technique, which in turn is included among the remote sensing (RS) techniques. RS constitutes 

the set of techniques, tools and interpretative means that allow obtaining both qualitative and 

quantitative information on objects placed at distance. RS techniques are based on the collection 

of electromagnetic energy measured by special sensors. The principle on which remote sensing 

is based is the ability to differentiate as many elements as possible in an image at different 

territorial scales, thanks to their different radiometric behavior. In particular, the vegetation 

reflects light especially in the green and infrared bands, little in the blue and red bands; the 

behavior then differs, depending on the type of vegetation, the density, the phenological and 

phytosanitary state, the moisture content, etc. The reflectance of bare soils, on the other hand, 

depends on their physical (texture, structure, moisture content, etc.) and chemical (organic 

matter content, etc.) composition. The surface color is also a useful indicator of the type of soil 

and its properties (Gomarasca, 2016). 

PSS is a remote sensing technique based on a series of measurement technologies in which 

the sensor is in direct contact or at a short distance from the soil surface. The advantage of these 

technologies, if applied for soil analysis, is the possibility of obtaining a large number of data 

quickly and at relatively low costs. The information is even used for the construction of high-

detail pedological maps aimed at precision agriculture, as suggested by Robinson et al. (2008). 

What makes it possible to apply spectroscopy to soil analyzes is the presence of spectra-active 

compounds, which are called chromophores. A chromophore is a compound in which an atom 

or a group of atoms of a molecular entity may be present, responsible for a vibration following 

an electronic transaction. In the soil, there is an enormous amount of chromophores, both 

physical and chemical, likely responsible for the shape and nature of a spectral signature  

 

 
Figure 1.5   Schematic diagrams of proximal sensing, airborne imaging and a spaceborne spectrometer 

(VIRS, Visible and Infrared Spectroscopy) (Jia et al., 2021). 
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(Miller, 2001). These frequencies may be due to relatively mild vibrations of the C-N, N-H and 

O-H functional groups containing hydrogen, or to stronger bonds between the C-O, C-N, N-O 

and C-C atoms, present in the organic materials of the soil, as well as for the Al-O, Fe-O and 

Si-O bonds present, instead, in minerals (Janik et al., 1998; Coates, 2000; Du and Zhou, 

2009).Overtones and combination bands in Vis-NIR due to organic matter result from the 

stretching and bending of N-H, C-H, and C-O groups (Ben-Dor et al., 1999). Bands around 

1100, 1600, 1700 to1800, 2000, and 2200 to 2400 nm have been identified as being particularly 

important for SOC calibration (Ben-Dor and Banin, 1995; Clark, 1999; Stenberg, 2010). 

However, spectroscopy in the Vis-NIR is largely nonspecific due to the overlapping 

absorption of soil constituents. Scatter effects caused by soil structure or specific constituents 

such as quartz compound this characteristic lack of specificity. Thus, as suggested by Stenberg 

et al. (2010), the analysis of soil diffuse reflectance spectra require the use of multivariate 

calibrations. When developing multivariate calibrations, careful selection of the calibration and 

validation samples is important. The size and distribution of the calibration data set has to be 

representative not only of the variation in the soil property being considered, but also of the 

variation in the spectra, according to Brown et al. (2005). In the last twenty years, reflectance 

spectroscopy and in particular Vis-NIR were widely used for the assessment of the SOC content 

in the soils. The need to pretreat the spectra through chemometric techniques was immediately 

clarified, and different approaches followed one another over the years. The most common 

calibration methods for soil applications are based on linear regressions, namely principal 

component regression (PCR) and partial least squares regression (PLSR). Several authors 

(Chang et al., 2005; Madari et al., 2005;  Zornoza et al., 2008; Colombo et al., 2014; Mammadov 

et al., 2020) have used this regression technique achieving excellent results for prediction of 

SOC. In these cases, performances of prediction (measured vs. predicted) ranged between 0.73 

and 0.94 in terms of values of R2, suggesting that NIR was able to predict with reasonable 

accuracy total C, organic C and inorganic C. In particular, Zornoza et al. (2008) had tested NIR 

region with PLS approach even for prediction of biological and biochemical soil properties 

(microbial biomass carbon, basal soil respiration and enzymatic activity), achieving highly 

accurate results. 

Others authors (Viscarra Rossel et al., 2006; Janik et al., 2007; Igne et al., 2010; Linsler et 

al., 2017) compared the performances of calibration for prediction of SOC in NIR and mid-IR 

(MIR) spectral ranges, indicating that in general MIR region allows to obtain more appreciable 

results than NIR. On the contrary, Rabenarivo et al. (2013) demonstrated that NIR provided 

more accurate predictions than MIR whatever the calibration procedure, a result related to the 
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abundance of some minerals in the studied soils and, as a consequence, the possible masking 

of organic matter peaks by the mineral component peaks in the MIR spectra, as they suggested. 

In most recent years, the chemometric approach is changing, and the use of data mining 

techniques such as neural networks (NN), multivariate adaptive regression splines (MARS), 

boosted regression trees (BT) and random forest (RF) is increasing. Several authors have 

demonstrate that changing in regression model can be affect the accuracy of SOC prediction. 

In particular, support vector machine (SVM) regression outperforms PLS, as suggested by Lucà 

et al. (2017) and Asgari et al. (2020). Besides, SVM differently from PLS, which is comprised 

in linear regression methods, reduce high dimensional information through compressing the 

training samples to a smaller subset of important support vectors, after that utilize them for 

further model development. Viscarra Rossel and Behrens (2010) also tested the using Vis-NIR 

spectral information to predict SOC content with different regression approaches. In according 

to their research, SVM again allowed to obtain the best results, with predictions competitive to 

PLS. The NN approach was suitable only with a rather small number of variables, due to its 

non-linear interaction in the data, and, in agreement with Vasquez et al. (2009), they found tree 

ensemble approaches (RF and BT) performed weakly in the spectral domains for SOC 

calibration and validation. 

Moreover, also samples and data pre-treatments highly contribute to Vis-NIR predictions 

(Figure 1.6). First, as suggested by Stenberg et al. (2010), the sieving of soil allows to ensure a 

constant particle size effect on the spectra, a feature that clearly distinguishes bench 

spectroscopy from field spectroscopy or other remote sensing techniques (Christy, 2008). After 

acquisition, it seems also advisable to pre-treat the spectra, in order to eliminate any effect of 

noise and scattering. The most common preprocessing is represented by the absorbance 

transformation of raw spectra, obtained through log 1/R, where R is the reflectance of the soil 

samples at any wavelength. However, many have computed SOC predictions across several 

pre-treatment techniques. Igne et al. (2010), Buddenbaum and Steffens (2012) and Riefolo et 

al. (2019) found prediction of SOC to be more performing when soil spectra were pre-treated 

with derivative transformation. Derivative is indeed considered to enhance spectral features, 

generally with a great impact on the visible and beginning of the NIR region, because absorption 

features in this region are very broad (Kooistra et al., 2001). On the contrary, Zhang et al. (2020) 

proved that only Savitzky-Golay smoothing filter had the capability to ameliorate prediction of 

SOM in saline soils despite all the others pre-treatment techniques. 
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Figure 1.6   Spectra analysis for reflectance spectroscopy. The pretreatment steps remove corrupting 

effects that are not related to the sample. All these steps aim a robust prediction of the constructed model 

(adapted from Ryabchykov et al., 2018). 

 

Summarizing, the combination between spectra pre-pretreatments and different regression 

models has allow to deepen the knowledge of organic carbon contents involving Vis-NIR soil 

characteristics. Application of Vis-NIR spectroscopy has also proved to be very useful for the 

prediction of the different organic carbon fractions of the soil, from the more labile and active 

ones to the stable and recalcitrant ones. Sarkhot et al. (2011) but also Viscarra Rossel and Hicks 

(2015) have gain very good results in predicting DOC as water-soluble organic carbon (R2 of 

about 0.77), and particulate and recalcitrant organic carbon (POC and ROC), demonstrating the 

need to have techniques that allow for a fast and precise scanning of soil carbon pools, even on 

a large scale. 

 

1.2.1   Sentinel-2 as a powerful tool for validating soil organic carbon pools 

The need to obtain information on the content of the various organic carbon pools in soils in 

an ever more detailed way and with sustainable approaches even for monitoring at large-scale, 

has led researchers in recent times to make use of spectroscopy techniques linked to remote 

sensing. As previously said, RS is the process of detecting and monitoring the physical 

characteristics of an area by measuring its reflected and emitted radiation at a distance, and 

these data can come from different sources. Particularly, optical satellite multispectral imagery 
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started to be used extensively in quantitative SOC characterization with the launch of the first 

satellites in the 1980s, according to Frazier and Cheng (1989). Since, the applications based on 

hyperspectral data became popular, and have characterized the most recent studies. 

As suggested by Angelopoulou et al. (2019), the functionality of the visible-near infrared 

and shortwave infrared Vis-NIR-SWIR sensors used for RS applications is based on the 

interaction principles between energy and matter, in the same way as for bench Vis-NIR 

spectroscopy. It means that correlating the spectral signatures with soil properties requires the 

use of multivariate statistical methods and chemometrics. The most common approach is the 

use of partial least squares (PLS) regression, which describes linear relationships between the 

variables, but machine learning algorithms (i.e. support vector machine, SVM) are increasingly 

used for the correlation process (Liakos et al., 2018). Differently, from bench Vis-NIR 

approach, RS techniques and in general spaceborne spectral imagery, are limited in use for soil 

observation, due to the required atmospheric, geometric and radiometric data corrections, 

simultaneous ground observations, the difficulty in finding large bare soil areas within a single 

image and obstacles related to vegetation cover (Castaldi et al., 2014). 

RS as state-of-art method sees most of its application through the Sentinel-2 satellites use, 

characterized by high spatial, spectral and temporal resolution. Sentinel-2 carries an optical 

instrument payload that samples 13 spectral bands: four bands at 10 m, six bands at 20 m and 

three bands at 60 m spatial resolution, useful for the retrieval and hence monitoring of SOC 

across the Vis-NIR spectral range. The applications of remote sensing data in SOC estimation 

have gain different results, and have been demonstrated to be suitable as auxiliary variables for 

mapping soil properties. Vaudour et al. (2019) have demonstrate that Sentinel-2 spectral bands 

are importantly affected from heterogeneity of data imagery acquisition on SOC prediction 

performances. Among these, soil roughness seemed to be the most relevant, in turn affected 

from the agricultural operations, crop residues and the main rainfall events, with the SOC 

prediction performances proved higher for spring dates. Dvorakova et al. (2020) also used PLS 

regression for SOC prediction across Sentinel-2 bands. They achieved discrete results for SOC 

prediction in terms of R2, which reached its higher value (about 0.6) in correspondence of 

determined cellulose adsorption index (CAI), defining again the soil surface condition a 

relevant element for the accuracy of the estimate. Recently, Gholizadeh et al. (2018) proved the 

advantages of Sentinel-2 to derive high-quality information on variations in SOC comparing to 

airborne sensors, especially where SOC levels were relatively high. In that regard, they applied 

a simple SVM model to train prediction of SOC models. Others (Thaler et al., 2019; Zhou et 

al., 2021) have combine RS spectral information with the spatial prediction methods, as 
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ordinary or regression kriging, obtaining mapped soil properties including SOC with an 

acceptable precision. 

As perfectly described in Angelopoulou et al. (2019), the main advantages of RS applications 

can be notice as non-destructive way to gather information about soil properties, the provided 

data cover large geographical areas, providing information about inaccessible areas for several 

attributes, and providing the means to reduce traditional and laborious soil sampling campaigns. 

However, the scarce information on these aspects calls for further investigate to reduce the 

negative impact of atmospheric absorptions and soil heterogeneity on SOC predictions, using 

satellite data. Anyway, Sentinel-2 is proving to be a powerful tool for soil fertility analysis, and 

in particular for the assessment and monitoring of soil organic carbon pools. 

 

 

1.3   Aim of the thesis 

 

Starting from the awareness that the soil plays a fundamental role in the mitigation of climate 

change through its ability to storage carbon in the form of organic matter, removing it from the 

atmosphere and thus decreasing the concentration of greenhouse gases, an ever greater analysis 

of the soil characteristics to implement the right management techniques that increase carbon 

sequestration is needed. In doing this, various methods for measuring and estimating soil carbon 

pools are now available. However, given the need to work on a large scale and in rather long 

periods, there is a need for reliable, rapid and inexpensive evaluation methodologies. 

Placing in this broad framework of knowledge and insights, the aim of this thesis was to 

assess soil organic carbon pool of the studied organic farm, in order to know the impact of the 

organic and conservative soil management on the soil potential carbon sequestration. The steps 

through which the research took place were to: (i) analyze the soils from the point of view of 

their content of the different carbon fractions, both organic and inorganic, exploiting different 

available laboratory techniques and comparing them; (ii) apply Vis-NIR spectroscopy to the 

study of carbon pools of the soils to obtain a valid calibration model for their prediction through 

the use of different regression methods; and (iii) integrate predictive models by means of remote 

sensing techniques, in order to validate the models obtained and enhance the spatial variability 

of carbon pools from a field-scale to a farm-scale. 
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Chapter 2 

Materials and Methods 

 

 

 

2.1   Study area 

 

The study area (Figure 2.1) includes territories of Melise farm, characterized by a mosaic 

land and located at Castel del Giudice municipality (Molise, south-central Italy) in the southern 

Apennines Mountains. This sector of the Apennine chain is characterized by a dominant hilly 

morphology and elevations ranging between 150 m (minimum height of main valley floors) 

and 1000 m a.s.l. (maximum height of some isolated peaks) (Aucelli et al., 2010). In particular, 

elevations of study area ranging between 750 and 1050 m a.s.l. (Figure 2.1). 

From a geological point of view, all the territories of the northern part of Molise, on the 

border with the Abruzzo region, lie on calcareous and calcareous-marly Flysch, marl and, 

sometimes, varicolored clays. The characteristic of this area is that it is crossed by a series of 

ridges and valleys all parallel, in which the axes of the structure are directed in the Apennine 

sense (NW-SE). These are geological structures affected by folds, anticlines and synclines, 

sometimes interrupted by direct and reverse faults (fold-fault). The ridges coincide with the 

anticlinal structures or with the basal part of monoclinal structures, consisting of stratified  

 

 
Figure 2.1   Geographical location and altimetric map of the entire area of Melise farm. 
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calcareous and calcareous-marl outcrops of the Miocene flyschoid complex. The valleys, on 

the other hand, coincide with the synclines, in which predominantly marly terms emerge, much 

more erodible than the calcareous ones, with classic V-shapes. 

The morphology of this landscape reflects and is characterized by the different lithicity of 

the outcropping terms: the limestone, much more rigid than the marly formations, offer a lot of 

resistance to erosion, therefore, giving rise to ridges with steep slopes. On the contrary, the 

marls give rise to an intermediate landscape between that of limestone and that of clays, with 

wavy and wavy shapes separated by narrow valley incisions. The elevations, in correspondence 

of the crests, can reach up to 1000 m a.s.l. (Monte Mauro), while in the valleys there are altitudes 

of about 500 m at the top of the impluvium and 200 m in correspondence with the grafts with 

the rivers. The primary permeability of intact limestones and marly formations is low, while 

the secondary permeability increases due to billing. The present soils are from shallow to thin, 

well drained, with absent superficial and internal stonyness, with a fine texture, from very 

calcareous to highly calcareous. 

 

2.1.1   Agronomic, pedological and climatic characterization of the area 

The soil survey was aimed at a specific area of the municipality of Castel del Giudice, falling 

within the territories of the Melise farm. The company was founded in 2003, with the main 

objective of recovering the land in a semi-abandonment state of the municipality of Castel del 

Giudice, through the cultivation of apples and other species. Right from the start, Melise farm 

has chosen to undertake a method of conducting and cultivating orchards based on organic 

farming, for the inclusion of its products in an eco-sustainable food system, trying to eliminate 

or reduce the current sources of pollution. This choice is also aimed at trying to differentiate 

the agricultural entrepreneurship of that territory, based mainly on the creation of local brands 

and on self-consumption. Furthermore, in this farm, the principles of conservation agriculture 

(CA) are applied by 20 years. CA focus to maintain the crop residues on the soil surface 

combined with permanent zero-tillage approach, in order to reduce the excessive water 

disturbance on topsoil, minimize water soil erosion and sustain the accumulation of organic 

matter and nutrients. 

The area of Melise farm that contains the orchards has an extension of about 40 hectares, 

with different varieties of apple trees cultivated, both cosmopolitan and native Molise varieties 

(Golden delicious, Gala, Fuji, Lasa, Sansa and Golden orange), including local variety with 

historical name: Zitella, Gelata and Limoncella (Figure 2.4). All the orchards, with 3.5x0.8 

spacing, were planted between years 2000-2006, grafted on clonal rootstock M9, which induces 
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a low vigor to the plant and a consequent rapid fruit bearing. Every 20 plants a pollinator variety 

was placed, in order to guarantee the presence of at least 15-20% of pollinators, necessary in a 

monovarietal plant. From the point of view of the management of the orchards, the inter-row is 

characterized by presence of continuous cover crops with the subsequent release of plant 

residues obtained from the mowing of the lawn. The practice of continuous soil cover prevents, 

first, the compaction of the soil, making it, therefore, more porous, stable and permeable. The 

fertilizations consist of the addition of manure and other organic fertilizers, which are localized. 

As regards the water supply, in all the orchards there is a micro-irrigation system, which allows 

a significant water saving and avoids the development of weeds in the rows. The average water 

requirement of an apple orchard is around 500-600 m3/ha of water per season, with a greater 

demand for water by the plants in the period of simultaneous growth of shoots and small fruits. 

From a pedological sampling, it was possible to evaluate soils in studied area. Figure 2.2 

shows details about soil profile. Because of presence of cambic horizon (Bw), distinguished for 

evidence of weathering and for a strong HCl effervescence, soil has been classified as Calcaric 

Cambisols, with supplementary qualifiers of Loamic, Densic and Humic, due to a great presence 

of clay and organic carbon contents to a depth more than 50 cm (IUSS WRB, 2015). 

For a climatic characterization, Figure 2.3 shows the thermo-pluviometric diagram, referring 

to the years 2002-2014 and provided by Protezione Civile of Molise region, which characterizes 

climate of the areas close to Castel del Giudice, in which there are territories of the Melise farm. 

 

 
Figure 2.2   Characterization of soil profile sampled in studied area of Melise farm (436459 m E - 

4634988 m N). 
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This area is characterized by a temperate climate, with mean annual rainfall and temperatures 

ranging respectively between 880 and 1550 mm and 5 and 23°C. Most of the annual 

precipitation occurs during the late autumn and spring months. Prolonged and extreme rainfall 

events occur periodically and are responsible for huge erosion related to both landslides and 

water erosion, in particular for area that are characterized by a value of slope greater than 20°, 

and in which soliflow phenomena are evident. Regarding mean annual temperatures, the study 

area is subject to severe frosts in the period between March and April, due to which the entire 

production can be compromised. 

 

 
Figure 2.3   Climatic characterization of Fornelli area, municipality close to Castel del Giudice. 

 

 
Figure 2.4   On the left, the cadastral map of Melise farm, with particulars in colors about cultivated 

apple varieties (striped colors are referred to re-grafts). On the right, the studied area with highlighted 

soil samples (yellow dots). 
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2.1.2   Experimental design 

Soil sampling was carried out to highlight the spatial variability of the study area, minimizing 

the number of sampled points. In particular, it is a systematic topsoil sampling, at a distance of 

20 meters and at a depth of 20 cm, according to the scheme shown in Figure 2.4, for a total of 

56 georeferenced samples. Soil samples were then brought to the laboratoty and subposed to 

analyses discussed below. 

 

 

2.2   Soil physico-chemical analysis 

 

The investigated soils were analyzed for both physical and chemical properties. The analysis 

was performed on air-dried and 2 mm sieved samples. 

The water content (WC) was determined by drying fresh soil at 105°C until a constant weight 

was reached, and the water holding capacity (WHC) was determined by the gravimetric method 

according to Aceves et al. (1994).  

Soil pH was measured with a pH meter on aqueous extracts obtained by adding distilled 

water to the samples (2.5:1 = w/v), and electron conductivity (EC) determined on aqueous 

extracts of soil (1:5 = w/v) (MiPAF, 1999). 

Soil particle size (soil textures) distributions were determined by pipette method (MiPAF, 

1999). The method is based on the difference in sedimentation speed between small and large 

soil particles, applying the Law of Stokes. Soils were previously treated with hydrogen peroxide 

and sodium hexametaphosphate to remove respectively organic matter and aggregates. 

Classification was made according USDA system. 

Bulk density (BD) was assayed on undisturbed soil cores of known volume after drying for 

48 h at 105°C. Soil porosity was calculated according to Danielson and Sutherland (1986). For 

all soil sampling points, values of organic carbon Stock and saturated hydraulic conductivity 

(Ksat) were calculated. The first one is determined based on total organic carbon content, bulk 

density and depth of sampling (20 cm), in according to FAO (2017). Instead, Ksat coefficient, 

that represents the ability of soils to transmit water throughout the saturated zone, was estimated 

using a pedotransfer function (PTF), in terms of clay, silt and organic matter contents and bulk 

density, developed by Wösten et al. (1999) from the HYdraulic PRoperties of European Soils 

database (HYPRES). 
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Values of assimilable phosphorous (P) were determined via spectrophotometric in according 

to Olsen method (MiPAF, 1999), on soil solution aliquotes previously extracted with sodium 

bicarbonate solution.  

Soils were also analyzed for cation exchange capacity (CEC), and with the application of 

this method, the extraction through barium chloride and triethanolamine solution led to 

quantification of exchangeable bases (Na, Ca, K and Mg). 

At last, concentrations of assimilable Fe, Mn, Cu and Zn were carried out through extraction 

with DTPA solution as indicated by Lindsay and Norwell (1978) method. Both exchangeable 

bases and assimilable cations concentrations were recording by atomic absorption (AA) 

spectrometry (Thermo Scientific iCETM 3300). 

 

2.2.1   Carbon fractionation 

For evaluation of the different fractions of soil organic matter (SOM), several analytical 

methods were applied (Figure 2.5). Firstly, total organic carbon (TOCWB) content was carried 

out through wet-oxidation with potassium dichromate by Walkley-Black system (Walkley and 

Black, 1934). Total carbon (TCCNS) and nitrogen (TNCNS) contents was also determined via gas 

chromatography (Thermo Finnigan, CNS Analyzer) (Colombo and Miano, 2015), and with the 

same procedure, organic carbon (OCCNS) was measured on soil samples previously treated with 

hydrogen chloride (HCl 10%) to exclude carbonates. Successively, C/N ratio was calculated 

such as the inorganic C fraction (ICCNS), through the difference between TCCNS and OCCNS. 

To deepen the knowledge on the organic and inorganic carbon content of the investigated 

soils, loss-on-ignition (LOI) procedure was also performed as well as indicated by Nelson and 

Sommers (1996). Five grams of air-dry soil were added to previously ignited and weighed 

porcelain crucibles, dried at 105°C for 24 hours in a ventilated oven, cooled in a desiccator and 

weighed again. The crucibles were ignited at 500°C for 4 hours in a muffle furnace (Muffle 

Furnace, Thermo Fisher Scientific, Waltham, MA, USA). After ignition, the crucibles were 

cooled in a desiccator and weighed. The LOI was calculated as the difference between the oven-

dry weight before and after ignition and related to oven-dry soil. This method estimates soil 

organic matter based on gravimetric weight change associated with high temperature oxidation 

of organic matter, although the application of this method generates an overestimation error, 

due both to the presence of carbonates and gypsum, and to the loss of water of clay minerals 

(Ben-Dor and Banin, 1989). Loss-on-ignition (LOI), however, remains a widely used method 

for assessing SOM in agricultural and forest soils and being converted to SOC either by a fixed 

conversion factor or by regression analyses (Jensen et al., 2018). After, in order to complete  
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Figure 2.5   Schematic description of the soil carbon fractionation procedure. Total carbon fraction 

(TCCNS) that can be distinguished in the organic OCCNS and inorganic ICCNS fractions. A second carbon 

procedure was the loss-on-ignition (LOI), and the inorganic carbon content (ICCARB) was determined as 

CaCO3. Wet-oxidation procedures with potassium dichromate were applied to obtain total organic C 

fraction (TOCWB) and the soluble organic carbon (HC), previously extracted with hot water. 

 

analysis on soil organic carbon pools and to have data on easy degradable or available fraction 

of organic carbon present in soils, hot water extractable carbon (HC) was measured by using 

extraction procedures from Sarkhot et al. (2011). Briefly, soil water mixture (1:5 respectively) 

was heated at 80°C for 16 h, the soil suspension was centrifuged for 3 min at 2000 rpm and 

filtered through a 0.22 μm GV membrane filter (Durapore). The filtrate was air-dried, weighted, 

analyzed by spectroscopy technique and, only after this, it was examined through wet-oxidation 

with potassium dichromate according to Springer-Klee method (Springer and Klee, 1954), in 

order to know the quantity of organic carbon in the extracted fraction. 

Total calcium carbonate (ICCARB) as inorganic carbon content was determined by acid 

solubilization with hydrogen chloride (1:1 v/v), by measuring the amount of CO2 produced by 

the reaction. The instrument that was used for this purpose is the Dietrich-Fruehling calcimeter, 

which performs the measurement by gas-volumetric method with internal calibration using pure 

CaCO3. Instead, active pools of calcium carbonate was carried out through extraction with 

ammonium oxalate and titration with potassium permanganate solution (MiPAF, 1999). 

 

 

2.3   Soil biological analysis 

 

The investigated soils were analyzed for microbial biomass as well as microbial respiration. 

The analysis were performed in triplicates on air-dried soil samples pre-conditioned at field 

capacity. 



23 

 

Microbial biomass carbon (CMIC) was evaluated by the method of substrate-induced 

respiration (SIR) according to Degens et al. (2001), while microbial potential respiration (Resp) 

according to Froment (1972). The CO2 evolution from the samples was measured by NaOH 

absorption followed by two-phase titration with HCl, after incubation at 25 °C in tight 

containers for 5 and 10 days, respectively, to evaluate CMIC and Resp. 

In order to make comparable the soil samples collected at different sites and water contents, 

all data were expressed per unit of soil dry weight. The results obtained by the biological 

analysis were then used to calculate two indices: the metabolic quotient (qCO2), which 

represents the degree of microbial biomass activity, and the coefficient of endogenous 

mineralization (CEM), that is the rate of organic carbon mineralization (Anderson and Domsch, 

1993). The qCO2 was calculated as ratio between Resp and CMIC, whereas the CEM was 

calculated as ratio between Resp and TOCWB. 

 

 

2.4   Statistical analysis of soil properties 

 

The measured soil properties were statistically described in terms of minimum, maximum, 

mean, median, standard deviation (SD) and variance. The variance is a measure of the spread 

of observations around a mean value. It is calculated as the sum of squares of the individual 

observations and the mean, divided by the degrees of freedom (DOF) associated with the 

observations. Additionally, Skewness and Kurtosis indexes were determined. The Skewness of 

a distribution is a measure of its asymmetry and is referred to as the third central moment of the 

distribution. The Kurtosis describes the extent of the degree of flatness of the center of a 

distribution. 

The correlation matrix between soil physico-chemical and biological properties was also 

computed, based on Pearson’s correlation coefficient. The statistical significance of results was 

measured according to values of p-level. The descriptive statistics was calculated in Statistica 

10 software (StatSoft Inc., Tulsa, OK, USA). 

With the aim of reveal the hidden structure within dataset and provide a visual representation 

of the relationships among samples and variables (e.g. sample groupings, similarities or 

differences), principal component analysis (PCA) was carried out by Unscrambler software 

(Camo, Inc.). Variables were previously standardized and all were used, including the highly 

correlated pairs, in order to studying the variables’ interaction. 
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2.5   Soil spectra analysis 

 

Soil samples (air-dried and 2 mm sieved) were analyzed by Vis-NIR diffuse reflectance 

spectroscopy (DRS). The reflectance curves were obtained using a Jasco spectrophotometer, 

model V-570 Vis-NIR, equipped with double beam and double monochromator (Jasco Inc. 

Easton, MD), and with an integration sphere, having a 73 mm diameter and coated with barium 

sulphate BaSO4 (Jasco ISN 470 integrating sphere system). The geometry of the integration 

sphere (Figure 2.6), through the presence of two openings, allows the simultaneous 

measurement of the sample and the blank, the barium sulphate, which has a reflectance equal 

to 0.988 (Torrent and Barrón, 2008). Only the scattered light is analyzed by the sensor, the 

specular one is excluded by dispersion and reflection outside the sphere. 

The diffuse reflectance spectrum is significantly influenced by the sample pretreatment 

mode. Particle size is the factor that most affects reflectance. An example is provided by the 

evolution of the color of the samples, sometimes even consistent, after being subjected to heavy 

grinding. According to Torrent and Barrón (2008), the best results were obtained with rather 

small particle sizes, by finely grinding the samples down to diameter sizes of less than 10 μm; 

for sandy samples, on the other hand, this treatment can cause a drastic change in color, due to 

the different colors of the primary minerals that compose them. 

 

 
Figure 2.6   Geometry of the integration sphere in the spectrophotometer. The blank and sample supports 

are highlighted, as is the path of the incident light beam. 
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The intensity of the grinding also affects the spectral results. As can be seen from studies 

reported in the literature (Kortüm, 1969; Fernandez and Schulze, 1987), excellent results have 

been obtained in the conservation of the spectral characteristics by finely and delicately 

grinding the soil samples in an agate mortar for about 10 minutes. In this way, the particle size 

of the minerals decreases uniformly without favoring the scattering process (Barrón and 

Torrent, 1986). 

Soil samples were then ground in an agate mortar in order to homogenize and uniform the 

particles. A small amount of soil was gently inserted into special slides, which have a 

rectangular cavity, opaque after treatment with corundum powder. The slide is subsequently 

placed vertically on the integration sphere. Spectra were acquired in the spectral range of 200-

2500 nm, with a scan resolution of 2 nm and scanning speed of 1000 nm/min, for a total of 

about 1150 points. Each Vis-NIR spectrum was recorded as percent reflectance (R%). The 

analysis of the spectra were carried out using the software supplied with the spectrophotometer, 

Spectra manager (JASCO Corp.). 

 

2.5.1   Data preparation and preprocessing transformations 

The preliminary stage of spectroscopy analysis is generally preprocessing to evaluate and 

possibly increase data quality (see Figure 1.6). Spectral preprocessing method consists of 

different mathematical techniques for correcting light scattering in reflectance measurements 

and data improvement before employing data in calibration models (Gholizadeh et al., 2015). 

Here, five different pre-processing methods were applied in order to compare the obtained 

results of multivariate calibration with the one obtained by raw reflectance data: 1) Savitzky-

Golay smoothing algorithm combined with absorbance transformation (SG+Abs); 2) 

multiplicative scatter correction (MSC); 3) standard normal variate (SNV); 4) first derivative 

and 5) second derivative transformations. 

The Savitzky-Golay algorithm (Savitzky and Golay, 1964) fits a polynomial to each 

successive curve segment, thus replacing the original values with more regular variations. It is 

a very useful method to effectively remove spectral noise spikes while keeping chemical 

information. In this case, smoothing at 11 smoothing points (5 points left and 5 points right) 

and second polynomial degree were chosen. 

Transformation from reflectance to absorbance units is given by log10[1/reflectance], which 

can be related to concentration by Beer’s law. Conversion into absorbance units is important to 

make more intense the visible range of the adsorption spectra that are generally well correlated 

with measured soil properties (Riefolo et al., 2019). 
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Multiplicative scatter correction (MSC) is a transformation method used to compensate for 

pure additive and multiplicative effects in spectral data. Elaborated by Geladi et al. (1985), 

MSC removes artifacts or imperfections (e.g. undesirable scatter effect) from the data matrix, 

simplifying the calibration model through reduction of the number of components needed and 

improving the linearity (Næs et al., 2002). 

Standard normal variate (SNV) is a transformation applied to spectroscopic data to remove 

scatter effects by centering and scaling each individual spectrum (i.e. a sample-oriented 

standardization). Like MSC, the practical result of SNV is that it removes multiplicative 

interferences of scatter and particle size effects from spectral data. Spectra are centered on zero 

and varies roughly from -2 to +2. Both MSC and SNV methods are designed to reduce the 

(physical) variability between samples due to scatter (Rinnan et al., 2009). 

Derivatives are applied to correct for baseline effects in spectra for the purpose of removing 

nonchemical effects and creating robust calibration models. Derivatives may also aid in 

resolving overlapped bands that can provide a better understanding of the data, emphasizing 

small spectral variations not evident in the raw data (Viscarra Rossel, 2008; Colombo et al., 

2014; Rienzi et al., 2014). Particularly, the first derivative of a spectrum is a measure of the 

slope of the spectral curve at every point; instead, the second derivative is a measure of the 

change in the slope of the curve. It means that in addition to removing pure additive offset 

(effect of first derivative), second derivative removes both the baseline offset and slope from a 

spectrum. In this case, derivation techniques were combined with Savitzky-Golay smoothing 

in order not to reduce the signal-to-noise ratio in the corrected spectra too much. 

Spectral data transformations and preprocessing were performed by Unscrambler software 

(Camo, Inc.). Figure 2.7 depicts the raw reflectance spectra and their preprocessing of all soil 

samples. 

 

2.5.2   Prediction models development 

The dataset (56 samples) for the entire spectra range (Vis-NIR) was randomly divided into 

calibration (70% of the samples: 39 samples) and validation (30%: 17 samples) datasets. Three 

different calibration models were performed over Vis-NIR spectra to develop models capable 

of predicting soil properties, including Partial Least-Squares Regression (PLSR), Support 

Vector Machine (SVM) and Boosted Tree (BT). Cross-validation was performed to determine 

the number of latent variables that minimizes the predicted residual sum of squares, as indicated 

by Riefolo et al. (2019). 
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Figure 2.7   Spectra preprocessing of all soil samples: a) raw reflectance spectra; b) Savitzky-Golay 

smoothing and transformation into absorbance units of raw spectra; c) multiplicative scatter correction 

(MSC) on raw spectra; d) standard normal variate (SNV) on raw spectra; e) first derivative and f) second 

derivative transformations on raw spectra. 

 

Partial least square regression (PLSR), developed by Wold et al. (1983), is a latent-variable-

based method for the linear modelling of the relationship between a set of response variables Y 

and a set of predictor variables X. The PLSR algorithm selects successive orthogonal factors 

that maximize the covariance between predictors (X spectra) and response variables (Y 

laboratory data). It is the most commonly used method for designing predictive soil attributes 

models from diffuse reflectance spectra (Asgari et al., 2020). 

 Support vector machine (SVM) is a kernel-based learning method from statistical learning 

theory, originally proposed by Vapnik (2000). Differently from PLSR, SVM regression acts as 

a nonlinear regression technique, where the complexity of the nonlinear regression curve is 

controlled via the number of support vectors. Hence, it is a nonparametric technique. 

Boosted tree (BT), as described in Friedman et al. (2000), is a full featured implementation 

of the stochastic gradient boosting method. The general idea of this type of regression is to 

compute a sequence of simple trees, where each successive tree is built for the prediction 
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residuals of the preceding tree. The method of gradient boosting, as well as SVM, represents a 

very general and powerful machine learning algorithm. 

PLSR, SVM and BT regressions were performed using Statistica 10 software (StatSoft Inc., 

Tulsa, OK, USA). The performance of three prediction models was evaluated by means of three 

statistics: 1) the coefficient of determination in prediction (R2) (Eq. 1), 2) root mean square 

error (RMSE) (Eq. 2), and 3) residual prediction deviation (RPD) (Eq. 3). 

 

𝑅2 = 1 −
∑ (𝑦𝑖 − ŷ𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − ȳ𝑖)2
𝑛
𝑖=1

 (1) 

𝑅𝑀𝑆𝐸𝑣𝑎𝑙 = √
∑ (ŷ𝑖 − 𝑦𝑖)2
𝑛
𝑖=1

𝑛
 (2) 

𝑅𝑃𝐷𝑣𝑎𝑙 =
𝑆𝐷𝑣𝑎𝑙

𝑅𝑀𝑆𝐸𝑣𝑎𝑙
 (3) 

 

where y, ŷ and ȳ are the measured values, predicted values, and mean of measured values 

respectively, and n indicates the soil samples number. SD is the standard deviation of predicted 

values and RMSEval is the root mean standard error of validation dataset. As indicated in Di 

Iorio et al. (2019) and according to several authors (Chang et al., 2001; Dunn et al., 2002; 

Cozzolino and Moron, 2003), RPD values below 1.5 indicate a poor predictive model; in the 

range 1.5-2.0 they point to acceptable results, which may be not enough for exactly estimating 

the target variable (qualitative prediction); RPD values higher than 2.0 are considered excellent 

and indicate a prediction suitable for quantitative reliable estimations. 

Variable Importance for Prediction (VIP) statistics was also used for the selection of relevant 

wavelengths. VIP statistics synthetizes the contribution of a variable to the model because it is 

a weighted sum of squares of X-score coefficients for the retained components, with the weights 

calculated from the amount of dependent variable (y) variance explained by each retained 

component (Wold et al., 2001). A threshold level of 3.0 was considered to identify the most 

important wavelengths representing overtones and bands of fundamental molecular vibrations, 

as done in Riefolo et al. (2019). 
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2.6   Sentinel-2 data collection 

 

The satellite images used in this study include Sentinel-2 Multispectral Instrument (S2-MSI) 

missions, obtained from European Space Agency (ESA). Each Sentinel-2 mission is based on 

a constellation of two satellites (2A and 2B) to fulfil revisit and coverage requirements, 

providing robust datasets for Copernicus services. These missions carry a range of technologies, 

such as radar and multi-spectral imaging instruments for land, ocean and atmospheric 

monitoring. In particular, Sentinel-2 is a polar-orbiting, multispectral high-resolution imaging 

mission for land monitoring to provide imagery of vegetation, soil and water cover, inland 

waterways and coastal areas. Table 2.1 shows details about spectral bands of Sentinel-2. 

The Sentinel-2 satellite images, for both Levels 1C and 2A, were downloaded from the 

Copernicus Open Access Hub platform, for ten different dates of the tile T33TVG (Table 2.2). 

The Level-1C product results from using a Digital Elevation Model (DEM) to project the image 

in cartographic geometry. Per-pixel radiometric measurements are provided in Top Of 

Atmosphere (TOA) reflectances along with the parameters to transform them into radiances. 

Instead, the Level-2A product provides Bottom Of Atmosphere (BOA) reflectance images 

derived from the associated Level-1C products, through atmospheric correction. 

 

Table 2.1 

Specifications of a Sentinel-2 Multispectral Instrument sensor, provided by Copernicus Open Access 

Hub platform. 

Sentinel-2 

Bands 

Sentinel-2A Sentinel-2B 
Spatial 

resolution 

(m) 

Central 

Wavelength 

(nm) 

Bandwidth 

(nm) 

Central 

Wavelength 

(nm) 

Bandwidth 

(nm) 

Band 1: Coastal 

aerosol 
442.7 21 442.2 21 60 

Band 2: Blue 492.4 66 492.1 66 10 

Band 3: Green 559.8 36 559.0 36 10 

Band 4: Red 664.6 31 664.9 31 10 

Band 5: Red-edge 1 704.1 15 703.8 16 20 

Band 6: Red-edge 2 740.5 15 739.1 15 20 

Band 7: Red-edge 3 782.8 20 779.7 20 20 

Band 8: NIR 832.8 106 832.9 106 10 

Band 8A: narrow 

NIR 
864.7 21 864.0 22 20 

Band 9: Water 

vapour 
945.1 20 943.2 21 60 

Band 10: SWIR 

Cirrus 
1373.5 31 1376.9 30 60 

Band 11: SWIR 1613.7 91 1610.4 94 20 

Band 12: SWIR 2202.4 175 2185.7 185 20 
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Table 2.2 

Main characteristics of the studied scenes (tile T33TVG): Sp, spring; Su, summer; A, autumn; W, winter. 

Season Imaging Date 
Time of 

Acquisition 

Sun Zenith 

(°) 

Sun Azimuth 

(°) 

Cloud Cover of the 

entire tile (%) 

Sp 3 April 2018 09:58:07 39.5 153.4 49 

Sp 23 April 2018 09:54:54 32.3 151.1 5.7 

Sp 13 May 2018 09:57:05 26.7 147.3 9.9 

Sp 2 June 2018 09:58:59 23.5 142.4 10.6 

Su 5 July 2018 10:05:08 22.7 143.4 0.3 

Su 11 August 2018 09:56:12 30.5 146.1 0.8 

A 28 September 2018 10:08:05 45.1 164.5 0.2 

A 25 October 2018 09:55:14 55.2 166 1.1 

A 12 November 2018 10:08:58 60.3 170 6.2 

W 29 December 2018 09:59:01 66.9 163.7 2.9 

 

From reflectance images of Level-2A vegetation radiometric indexes were calculated for the 

entire study area. Normalized difference vegetation index (NDVI) (Eq. 4) (Rouse et al., 1973), 

provides a measurement of crop health. It describes the vigor level of the crop, since it allows 

to immediately recognizing the areas of the field that have development problems. Values can 

vary between -1 and 1. Similar to NDVI, normalized difference water index (NDWI) (Eq. 5) 

(Gao, 1996), describes the level of water stress of the crop, as it allows to immediately recognize 

the areas of the field that have water stress problems. Again, values can vary between -1 and 1. 

 

𝑁𝐷𝑉𝐼 =
𝑅𝑁𝐼𝑅 − 𝑅𝑟𝑒𝑑
𝑅𝑁𝐼𝑅 + 𝑅𝑟𝑒𝑑

 (4) 

𝑁𝐷𝑊𝐼 =
𝑅𝑁𝐼𝑅 − 𝑅𝑆𝑊𝐼𝑅2

𝑅𝑁𝐼𝑅 + 𝑅𝑆𝑊𝐼𝑅2
 (5) 

 

where Rred, RNIR and RSWIR2 are values of reflectance for bands 4, 8 and 12 respectively.  

Prior to indexes calculation, the images were resampled to 10 m, which was the highest 

resolution amongst 10, 20, and 60 m. All satellite data pretreatment and processing were 

performed using the Sentinel Application Platform (SNAP) tool version 8.0. 

Additionally, for the same tile and close to chosen plots of study area, pixels of bare soil 

were selected, in order to download spectra of soil and utilized them as an external validation 

dataset for prediction of unknown values of soil organic carbon. Firstly, the choice of pixels of 

bare soil was made by calculating the corresponding NDVI index. As done in Vaudour et al. 

(2019) and according to Loiseau et al. (2019), the threshold value of 0.27 was selected as the 

best trade-off for getting the largest bare soil area while reducing the effects of sparse vegetation 

on the field scale: pixels with an NDVI index greater than 0.27 were removed. After 
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downloading, each spectrum of satellite images was interpolated through natural cubic splines 

method to gain 2 nm resolution as for laboratory soil spectra, which were utilized as calibration 

dataset for construction of prediction models. Performances of prediction models were 

evaluated again with R2, RMSE and RPD statistics. 

The predictors used for calibration model (laboratory spectral data) and those used as external 

validation (Sentinel-2 spectra) were centered and scaled to have zero mean and variance 1 

(Chilès and Delfiner, 2012), in order to place both on the same relative position to their variation 

in the data and to minimize dimensionality and differences. 

Pin Manager Toolbox of SNAP tool made the downloading of Sentinel-2 spectra, 

interpolations and subsequently processing were made using function Predict of Unscrambler 

software (Camo, Inc.). 

 

 

2.7   Geostatistical analysis 

 

The geostatistical procedure is a linear regression method that allows you to interpolate a 

quantity in space, minimizing the mean square error. The interpolation is based on the 

assumption of the observations made in the neighboring points have a higher correlation than 

the observations placed in distant points (Laslett et al., 1987). 

Spatial predictions of soil carbon pools were performed by using univariate ordinary kriging 

(OK) method (Webster and Oliver, 2007) in QGIS (v. 3.14) and ArcView GIS (v. 3.1) software. 

Kriging is an interpolation methods consists of geostatistical methods, which are based on 

statistical models that include autocorrelation, the statistical relationships among the measured 

points. Because of this, geostatistical techniques not only have the capability of producing a 

prediction surface but also provide some measure of the certainty or accuracy of the predictions, 

in this case by means of semivariogram. Cross-validation was used to derive the criterions to 

assess estimation quality. Performances of two applied models of geostatistical interpolation, 

spherical and exponential, were evaluated by means of Akaike’s Information Criterion (AIC), 

Bayesian Information Criterion (BIC) and root mean squared error (RMSE). 
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Chapter 3 

Results and Discussion 

 

 

 

3.1   Descriptive statistics of soil properties 

 

3.1.1   Carbon fractions 

The descriptive statistics of the investigated soil properties are reported in Table 3.1. Soil 

total carbon values (TCCNS) which contained both organic and inorganic C fractions, ranged 

from 32.18 to 70.05 g kg-1, with a mean value of 47.44 g kg-1 and a symmetrical distribution, 

as indicated by Skewness and Kurtosis indexes. The application of CNS analyzer allowed to 

obtain the HCl treated fraction (OCCNS) and the difference (TCCNS - OCCNS) as inorganic carbon 

fraction (ICCNS), both accounted for 52% and 48% of total carbon, respectively. 

From the second procedure with wet oxidations analysis about different pool of organic 

carbon in the soil, it turned out that total organic carbon (TOCWB) and available and active 

organic carbon (HC), accounted for 41% and 3% respectively of total carbon. 

As possible to see in Table 3.1, the TOCWB values ranged from 1.93 to 49.12 g kg-1, while 

the OCCNS values from 18.96 to 60.48 g kg-1, ICCNS from 0 to 38.8 g kg-1 and HC values ranged 

from 0.52 to 4.17 g kg-1. 

Figure 3.1a summarizes the main carbon fractions quantified with CNS analyzer, which can 

be distinguished in the organic OCCNS (52% of TC) and inorganic as ICCNS with the remnant 

part of about 48%. 

The box plots of Figure 3.1b depict the distribution of soil organic carbon (SOC) among all 

the fractions observed under the thermal and wet chemical treatments. The largest part of SOC 

appeared in LOI. The fraction calculated as LOI - TOCWB seems to contain about 40% of inert 

carbon much higher than the carbon content in the carbonate (ICCARB), which was about 32% 

of TCCNS. In addition, by adding TOCWB plus ICCARB, the quantity of carbon estimated was 

slightly below of TCCNS content. According to resulted data, it was possible to consider that the 

organic carbon expressed by both OCCNS and TOCWB accounted for 47% and 38% of LOI 

fraction respectively, showing moreover a large difference in terms of OCCNS or TOCWB/LOI 
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Figure 3.1   Box plots for the partitioning of a) total carbon measured with CNS (TCCNS), which 

comprises the fractions HCl treated (OCCNS) and the difference (TCCNS - OCCNS) as inorganic carbon 

(ICCNS); and b) LOI, total organic carbon by wet oxidation (TOCWB), hot water extractable organic 

carbon (HC) and inorganic carbon with HCl (ICCARB). 

 

ratio values according to the sampled sites. Both OCCNS and TOCWB showed an important 

correlation with LOI, which corroborates our findings (Figure 3.2). The difference in the 

correlation coefficients for both organic carbon fractions could be due to differences in clay 

mineralogy causing differences in structurally bound water and might be related to losses other 

than SOM fractions. The organic oxidized fraction (TOCWB) was 38% of LOI while the SOC 

quantified by high-temperature dry combustion methods (OCCNS) was about the 47% indicating 

that the conventional LOI-to-SOC conversion factor of 0.58 (Pribyl, 2010) was not applicable 

in our soils. These results seemed to indicate that a fair difference (about 20%) between the 

methods of high temperature dry combustion (OCCNS) and dichromate oxidation (TOCWB) 

could be related to the presence of resistant organic materials as well as water lost from the 

mineral phases. The smallest organic carbon fraction, as hot water-extractable carbon (HC), 

accounted for about 6% of total OCCNS and 7.5% of TOCWB. 

Moreover, the inorganic carbon expressed as carbonate (ICCARB), could be considered the 

carbon fraction that highly varied among sites according the dynamic of the lixiviation of the 

carbonate. 

Scatter plots revealed the strong relationships between measured data for different SOC 

fractions (Figure 3.2). Outliers were not deleted because the study was based on 56 samples 

with a large variability in the topographic position and parent material. 
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Figure 3.2   Pearson correlations (p-value <0.05) and frequency distribution between measured soil 

organic carbon (OCCNS and TOCWB) and loss-on-ignition (LOI). 

 

3.1.2   Soil properties affecting the organic and inorganic carbon fractions 

Both the organic carbon OCCNS and TOCWB fractions, although obtained with two 

completely different methods, were considered the less recalcitrant soil C pool and were 

composed of complex organic molecules with high degree of decomposability by 

microorganisms. While the LOI-TOCWB and ICCNS fractions could contain a lower part of 

organic molecules associated with clay and silt or stabilized in aggregates together with inert 

carbon (i.e. CaCO3) with low degree of decomposability. We considered this fraction as the 

high-term accumulation of soil organic matter and the most important carbon fraction from a 

sequestration perspective (Ontl and Schulte, 2012). 

Although conducted for several consecutive years (2016, 2017, 2018), the analysis of the 

soil organic carbon content for the studied area did not show evident differences in terms of 

accumulation of organic matter (SOM) in the studied area. This results suggested that the 

interval time for observing the SOM quantitative variations in the field is too limited, while we 

observed that the variations between the organic and inorganic carbon fractions was very 

significant. Therefore, it was decided to try to highlight the spatial variations of the different  
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Table 3.1 

Basic statistics of the analyzed soil variables (n = 56). 
 Min Max Mean SD Variance Skewness Kurtosis 

TOCWB (g kg-1) 1.93 49.12 19.59 9.34 87.30 0.83 1.46 

TCCNS (g kg-1) 32.18 70.05 47.44 7.50 56.22 0.46 1.24 

OCCNS (g kg-1) 18.96 60.48 24.65 6.51 42.32 3.40 16.26 

HC (g kg-1) 0.52 4.17 1.47 0.79 0.62 1.51 2.26 

LOI (%) 2.59 11.04 5.14 1.72 2.93 1.33 2.39 

ICCNS (g kg-1) 0 38.80 22.86 7.67 58.78 -1.19 2.45 

TN (g kg-1) 1.63 6.99 3.52 1.05 1.11 0.98 1.36 

C/N 3.68 15.50 7.39 2.11 4.44 1.22 3.10 

CaCO3 (%) 0 22.33 13.83 6.56 43.01 -1.13 -0.09 

CaCO3 act (%) 0 15.35 5.65 3.98 15.87 0.65 0.12 

pH 6.11 7.21 6.93 0.22 0.05 -1.85 3.71 

EC (µS cm-1) 102 147.30 123.21 7.98 63.70 0.32 1.09 

CEC (cmol kg-1) 9.36 25.96 19.50 2.76 7.60 -0.23 3 

Naexg (cmol kg-1) 0.11 1.40 0.61 0.43 0.18 0.38 -1.32 

Caexg (cmol kg-1) 17.84 42.02 29.40 6 36.06 -0.10 -0.85 

Mgexg (cmol kg-1) 0.58 4.31 2.50 0.65 0.42 0.05 0.84 

Kexg (cmol kg-1) 0.19 1.14 0.49 0.16 0.03 1.39 4.46 

Pass (mg kg-1) 0 26.09 2.99 4.16 17.32 3.37 16.69 

FeDTPA (mg kg-1) 8.95 67.70 21.19 7.62 58.09 4.12 25.38 

MnDTPA (mg kg-1) 10.11 51.17 22.41 10.19 103.84 1.52 1.79 

CuDTPA (mg kg-1) 2.59 23.79 11.61 5.81 33.75 0.23 -0.96 

ZnDTPA (mg kg-1) 0.55 13.43 5.66 3.63 13.14 0.32 -0.94 

WC (%) 12.62 47.22 29.09 5.53 30.59 0.45 2.26 

WHC (%) 27.55 58.84 40.86 7.47 55.84 0.34 -0.52 

Sand (%) 25.09 59.93 42.70 5.07 25.67 0.28 5.29 

Silt (%) 17.04 42.21 28.34 4.45 19.76 0.15 1.80 

Clay (%) 18.13 35.78 28.96 3.75 14.03 -0.29 -0.06 

BD (g cm-3) 0.84 1.47 1.19 0.12 0.01 -0.83 2.49 

Porosity (%) 44.59 68.56 55.27 4.41 19.44 0.83 2.49 

Stock C (kg m-2) 0.46 9.56 4.45 1.80 3.26 0.19 0.73 

Resp (mg CO2 g-1 d-1) 0.03 0.45 0.24 0.09 0.01 0.13 -0.13 

Cmic (mg g-1) 1.36 1.86 1.56 0.07 0.01 1.44 5.49 

Ksat (cm d-1) 185.76 1817.64 753.20 330.67 109344.70 1.22 1.83 

 

organic carbon fractions, in relation not solely to the other properties of the soil (physical, 

chemical and biological), but also to topographical and pedogenetic factors (spatial variations). 
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Despite the high spatial variability of the organic carbon content (OCCNS and TOCWB), which 

will be shown later, its values appeared to be high, as best explained by the calculation of the 

mean + or – 1.96 SD (Figure 3.1). In comparison with other tilled soil, as reported in different 

studies (Ogle et al., 2005; Haddaway et al., 2016), obtained high values of SOM could be 

attributed to the presence and management of grass cover. Furthermore, as indicated in 

Massaccesi et al. (2018), herbaceous species are known to enrich soil with labile organic 

substances through rhizodeposition processes and activity of the root-associated 

microorganisms. 

The value of HC, which constituted the soluble organic carbon fraction with highest activity 

and lability, represented on average 7.5% of total organic carbon (TOCWB), and it was positively 

correlated to both TOCWB and OCCNS values, as it appears from the Table 3.2, which shows 

Pearson correlation matrix between soil properties, with highlighted corresponding p-value. 

The HC fraction represented the soluble carbon in water, and it was considered the readily 

bioavailable SOM (Marschner and Kalbitz, 2003). HC was also the most mobile fraction of 

SOM and can therefore reach almost all soil macro and micro aggregates by diffusion and 

convection. In agricultural soils, dissolved organic carbon (DOC) in field-moist soils was very 

low with content close to 0.4% of SOC; in forest soils, it is higher with value close to 2% 

(Haynes, 2005). DOM consists of SOM ranging from small-defined molecules (hexose-to-

pentose carbohydrates) indicated predominantly microbial origin and readily mineralizable 

(Marschner and Kalbitz, 2003). 

The parameters that showed a great correlation with organic carbon fractions (OCCNS, 

TOCWB and LOI) were C inorganic fractions (ICCNS and ICCARB) whit a negative correlation, 

total nitrogen, exchangeable bases (Ca, Mg and K), water content, porosity, Ksat, soil 

respiration and microbial activity (qCO2). 

As shown in Table 3.1, total CaCO3 content ranged from 0 to 22.33%. In this case, Skewness 

index (value of -1.13) described a distribution that was very different from normality; moreover, 

the frequency distribution highlighted a bimodal trend, which suggested the presence of two 

distinct population of samples according to this parameter. Indeed, samples located in the 

southern plot of the study area (refer to Figure 2.4) were completely decarbonated: because of 

they were positioned on two different slopes, with different aspect and slopes, it suggested that 

the soils located on them has been originated from different parent material, which could 

explain the high variation in total carbonate content. Indeed, as resulted from geological map 

of Molise region (Vezzani et al., 2004) and as it has been said in section 2.1, the geological 

substrate of the territory of Castel del Giudice is characterized by the dominance of the silico-
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Table 3.2 

Pearson correlation coefficients between measured soil properties (correlations with a p-value <0.05 are in bold). 
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clastic clay formation, indicated in the literature as the Flysch of Agnone. However, the whole 

unit is characterized by frequent intercalations of a calcarenite-calciruditic nature. Therefore, 

given the chaotic tectonics of the territories, the two different formations can be found side by 

side even within a few meters. 

Anyway, with a mean value of 13.83% carbonate content, the studied soils could be consider 

as moderately calcareous soils. Active calcium carbonate, significantly and positively 

correlated to total carbonate (Table 3.2), represented the fraction that reacts more readily with 

the other components of the soil; it influenced the availability of phosphorus and iron forming 

with them high insoluble compounds that cannot be assimilated by the plant. Here, the presence 

of high percentages of active calcium carbonate (maximum of 15.35%) indicated an 

unfavorable situation in terms of nutrient acquisition by apple trees, for which M9 rootstocks a 

threshold value of 10% was indicated, beyond which find damage to tree crops. Indeed, as 

resulting from correlation matrix (Table 3.2), active carbonate was positively correlated to soil 

pH, for which a mean value of 6.93 and a low standard deviation (0.22) indicated a completely 

neutral reaction. 

Conversely, active carbonate content was negatively correlated to exchangeable Ca and Mg 

and assimilable Fe and Mn, but did not show evident correlation to value of assimilable 

phosphorus. This last parameter ranged from 0 to 26.09 mg kg-1, with a mean of 2.99 mg kg-1, 

values that indicated a very low assimilable phosphorus content, as could be expected given the 

high concentration of active calcium carbonate. 

Measures about exchangeable Ca, Mg and K contents, whose mean values were 29.4, 2.5 

and 0.49 cmol kg-1 respectively, indicated a general good supply of these elements (MiPAF, 

1999), but, the Mg/K ratio (mean value is 5.43) may consist in an antagonistic effect of 

magnesium on potassium absorption (Laekemariam et al., 2018). Instead, as regards to 

microelements of fertility, results of analysis on available Fe, Mn, Cu and Zn contents, showed 

a rich supply of these elements (Sequi, 2010), the average values of which amounted to 21.19, 

22.41, 11.61 and 5.66 g kg-1 respectively. 

Soil BD ranged between 0.88 and 1.47 g cm-3 (mean 1.19 g cm-3) and was significantly lower 

in soils with higher total carbon (TOCWB). There was no statistically significant difference in 

BD between the topsoils analyzed. Lastly, the hydraulic properties of the studied soils could be 

evaluated according to the value of the corresponding Ksat index, which indicated the rate of 

infiltration of water into the soil, and therefore was related to the main soil physical properties. 

First of all, according to USDA system classification (SSDS, 2017), Ksat, whose mean value 

accounted for 753.20 cm d-1 and ranged from 185.76 to 1817.64 cm d-1, could be consider high 
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or very high. This was probably due to the presence of grass cover roots and good amount of 

soil organic matter in the top soil layer. Again, as an expected implication, Ksat was positively 

correlated to sand concentration and porosity, and negatively to contents of smaller soil 

particles, in particular silt, and values of bulk density. 

 

3.1.3   Soil properties affecting the labile organic carbon fraction and biological properties 

As an expected result, values of HC for the studied soils positively correlated with organic 

carbon fractions and several biological properties. In particular, the increasing of labile pool of 

organic carbon resulted in an increase of microbial activity, expressed by levels of qCO2 index, 

which indicated the part of CO2 actually produced by the microorganisms during the incubation 

period to which the soils have been subjected. The other biological index (CEM), which 

explained the rate of organic carbon mineralization, according to Table 3.2, was negatively 

correlated to C/N ratio and organic carbon stock content. This kind of situation was due to the 

quality of SOM in the soil, according to C/N ratio: as this value increased, the degradability of 

the organic matter decreased, and consequently its mineralization rate. 

Total nitrogen (TN) content, obtained by CNS analyzer, ranged from 1.63 to 6.99 g kg-1, 

with a mean value of 3.52 g kg-1, which suggested an excellent supply of soil nitrogen, but 

drastically decreased the C/N value, which was at an average of 7.39. With this value of C/N, 

oxidation reactions prevailed, resulting in a decrease in the organic matter content and in release 

of assimilable nitrogen. Mineralization rate of SOM was also influenced by clay and total 

carbonate contents. As resulted by soil texture analysis and shown in Figure 3.3 for clarity, the 

top soil samples had three types of soil textures: sandy clay loam, clay loam and loam. From 

Table 3.2, clay content was positively correlated to CMIC property, and this suggested increased 

microbial activity as clay content increased, further explained by a consecutive decrease in the 

rate of SOM mineralization (Schillaci et al., 2017). On the other hand, both mineralization 

(Resp) and microbial activity (qCO2) significantly and negatively correlated to total carbonate 

content, this was because the greater the amount of calcium carbonate, the greater the inertia of 

the soil towards the transformation processes of organic compounds. 

 

3.1.4   The organic carbon accumulation and soil properties 

The dominant effect in the studied soils was the development of porosity as indicated by the 

significant reduction in BDs in soil with higher OCCNS and TOCWB. The value of carbon 

accumulated (Stock C kg m-2) in the top-soil (20 cm) ranged from 0.46 to 9.56 kg m-2 (mean  
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Figure 3.3   Soil texture contents of samples (red dots) according to USDA classification system. 

 

4.45 stock C kg m-2) and seemed to increase the formation of macro-pores and macro-

aggregates induced by the cementing action with the manure-fertilized treatments. 

These results could reflect higher levels of stubble, root and rhizodeposition inputs that could 

be attributed to the presence and management of grass cover. This condition improved the labile 

organic carbon (HC) through rhizodeposition processes and activity of the root-associated 

microorganisms (Kalcsits et al., 2020). This pattern reflected strongly changes in the SOC 

variability; highest HC plot was correlated with the lowest calcium carbonate and higher LOI. 

The amount of C sequestered and the rate of C sequestration seemed related to the topographic 

and exposition conditions. The labile pools could not benefit C sequestration because they were 

rapidly mineralized by soil organisms (Stockmann et al., 2013). 

In this research, SOC concentrations in organic management soil were greatly increased after 

10 years of orchard-cropping farming system (no-till approach) compared to initial estimated 

soil levels (<10 C g kg−1). This can be attributed an increase in root exudates from grass cover 

and from the C contained in the stubble which is returned to the soil each year, and also to the 

conservation management, which reduces soil disturbance. 

Soil C levels in the organic fertilized treatments also increased marginally relative to the 

untreated soils. There are conflicting reports about the impact of agriculture management 

practices on SOC sequestration (Lal, 2004; 2008); some reports demonstrated that the change 

in land use induced a net loss of SOC, however, our results indicated that long-term orchard-

cropping farming system increase SOC stocks in the topsoil layer. The C fractions differences 
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seemed to depend on the initial soil C status, the soil pedology properties under study (i.e. the 

physical and chemical driving factors), the quantity and quality of residues returned and the 

nature, quantity and duration of fertilizer application (Li et al., 2018). There were no statistical 

significant differences between SOC and C stock concentrations vs. texture (clay content), pH 

and CEC, which were not linked with chemical properties but with crop residues in these soils. 

This was possibly attributed to a larger proportion of recalcitrant organic compounds 

accumulated in the topsoils as lignin and lignin-like products, which were the major 

components of the resistant C pool in the soil (Schmidt et al., 2011). 

Microbial carbon (CMIC) and HC were produced from decomposition of soil organic matter 

mainly driven by soil microbes (Lima et al., 2009). They were well correlated with LOI, soil 

respiration (Resp) and microbial activity (qCO2), highly correlated each other and with the 

organic carbon content and stock, expressed as OCCNS/TOCWB and stock C, respectively. 

Although CMIC and HC accounted for only a small proportion of organic carbon stock (generally 

0.80–12.00% for CMIC) in agricultural soils (Ding et al., 2012), these measures could be 

considered good indicators of the soil’s potential C accumulation, a key ecosystem service 

(Haynes, 2005). 

 

3.1.5   Results of principal component analysis 

Principal component analysis was used to reveal the hidden structure within dataset. It 

provides a visual representation of the relationships between samples and variables and 

provides new insights into how measured variables cause some samples to be similar to, or how 

they differ from each other. Using standardized physico-chemical and biological soil properties 

as continuous variables in PCA, based on Figure 3.4, constructed first and second components 

(PC1 and PC2) were able to describe 38% of total variance of dataset, 25% from PC1 and 13% 

from PC2. In particular, score plot (Figure 3.4.a) revealed weakly clusters in the observed 

dataset, according soil properties. At the same time, Hotelling’s T2 ellipse, used as a valid tool 

to detect outliers, didn’t show anomalous observations, assuming then that all the soil samples 

were part of the same population, despite the descriptive statistics evaluated above showed a 

bimodal trend for the total calcium carbonate content. 

Figure 3.4b, shows correlation loadings from PCA, and allows to detect important variables 

according to PC1 and PC2. Soil variables that are located outside the small ellipse in the graph 

contributed more than 50% to the construction of the new component system in the PC analysis, 

until a percentage of 100% at the major ellipse. In other words, it is a graphical method that, in  



42 

 

 
Figure 3.4   Plots resulting from principal component analysis: a) score plot of 56 topsoil samples (red 

dots) according to PC1 and PC2, with highlighted Hotelling’s T2 ellipse for outliers detection; and b) 

correlation loadings plot of soil physico-chemical and biological properties (X-loadings). The two 

ellipses indicate how much variance is taken into account (100 and 50%, from outside to inside 

respectively). 

 

addition to providing information on the importance of the variables, facilitates and corroborate 

of the trend obtained with the correlation matrix previously shown in Table 3.2. Clarified by 

the presence of the red arrows in the figure, total carbon (TCCNS) and electron conductivity (EC) 

properties were explained only by PC2, all other important variables from PC1. 

In particular, organic matter content expressed by LOI, soil respiration (Resp) and microbial 

activity (qCO2), highly correlated each other, strongly and negatively correlated to 

exchangeable Na content, as well as exchangeable Mg and Ca, and organic carbon content and 

stock, expressed as TOCWB and stock C respectively. The others soil parameters that affected 

negatively on Mg, Ca, organic carbon contents and microbial activity are total and active 

calcium carbonate, both positively correlated to pH values. Parameters forming angles of 90° 

from axes origin are uncorrelated. 

Although they were not important in the construction of the new PC1 - PC2 projection, the 

physical-hydraulic properties (sand content, buld density and ksat) closely correlated with each 

other, demonstrating that as the sandy fraction increased, which had a close link with the parent 

material, increased the value of BD and ksat, decreasing the soil’s ability to hold water. Indeed, 

both the water content and the WHC were negatively correlated with the physical properties 

and positively with the SOC content (OCCNS, TOCWB and LOI), and therefore the microbial 

activity (Resp and qCO2) of the soils. 
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3.2   Spatial prediction of soil carbon pools 

 

To evaluate spatial variability of soil carbon pools and analyze soil properties two different 

semivariogram models, spherical and exponential, were applied. In particular, spherical 

semivariogram model shows a progressive decrease of spatial autocorrelation (equivalently, an 

increase of semivariance) until some distance, beyond which autocorrelation is zero. Instead, 

with exponential approach, spatial autocorrelation decreases exponentially with increasing 

distance. Then, the autocorrelation disappears completely only at an infinite distance. Table 3.3 

shows the results of application of two geostatistical models, whose performances were 

evaluated by means of Akaike’s Information Criterion (AIC), Bayesian Information Criterion 

(BIC) and root mean squared error (RMSE). In particular, to obtain a better information on the 

spatial variability of soil C pools, prediction maps of the other soil attributes were realized by 

geostatistical approach. The most relevant soil properties were chosen based on significant 

Pearson correlations (p-value <0.05), shown in the previous paragraph (Table 3.2) and on which 

was discussed above. As to the selection, the following seven variables were analyzed: total 

calcium carbonate and clay contents, C/N ratio, bulk density and biological properties, 

expressed as soil respiration, microbial activity and endogenous organic carbon mineralization. 

Prior to application of univariate OK method, data of each variable were standardized, 

having zero mean and unit standard deviation, based on the assumption that geostatistical 

analysis is more efficient when done on variables that have normal distributions (Webster and 

Oliver, 2007), as well as done in Ferré et al. (2018) and Zovko et al. (2018). 

As shown in Table 3.3, semivariogram models were chosen for each variable according to 

values of AIC, BIC and RMSE. In general, there were no great differences in terms of  

 

Table 3.3 

Performances of application of geostatistical spherical and exponential models in soil attributes spatial 

predictions, evaluated by AIC, BIC and RMSE values. 

 Spherical model  Exponential model 

 AIC BIC RMSE  AIC BIC RMSE 

TCCNS -8.13 -7.89 0.21  -8.41 -8.17 0.20 

OCCNS 13.1 13.69 0.66  12.43 13.03 0.64 

TOCWB 4.94 6.84 0.36  4.85 6.01 0.36 

LOI 6.16 6 0.58  4.57 4.41 0.52 

HC 3.4 4.51 0.34  -5.37 -4.18 0.23 

ICCNS 5.72 5.56 0.57  4.45 4.29 0.52 

CaCO3 7.41 8 0.48  10.5 11.09 0.57 
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performances between application of spherical and exponential models. This result was 

probably due to the application of models always on the same size of samples (56 georeferenced 

points) and their good distribution, so in this case the differences were attributable only to the 

diversity of models, as indicated by Lee and Ghosh (2009). Anyway, different authors (Aksoy 

et al., 2012; de Menezes et al., 2016; Pham, 2019) suggested to choose model with lower or 

more negative values of both AIC and BIC criterions, as well as value of RMSE, which 

represented the differences between values predicted by the model and the values observed. For 

all soil C pools attributes (Table 3.3), exponential univariate OK was chosen, despite CaCO3 

experimental data showed a better explanation by spherical model (AIC 7.41, BIC 8, RMSE 

0.48), compare to exponential (AIC 10.5, BIC 11.09, RMSE 0.57). 

Figure 3.5 and 3.6 show semivariogram models of spatially predicted soil properties. As an 

expected result, all variograms highlighted a nugget effect, although there were differences 

between the various soil parameters analyzed. The nugget could be attributed to measurement 

errors or spatial sources of variation at distances smaller than the sampling interval or both. 

Generally, experimental variograms were well structured with small nugget effect, except for 

C/N ratio (~ 50% of sill) and coefficient of endogenous mineralization (CEM) (~ 80% of sill) 

attributes (Figure 3.6c and f, respectively). A nugget that is large relative to the sill, which is  

 

 
Figure 3.5   Experimental (points) and fitted (solid lines) model semivariograms of measured values of 

a) total organic carbon (TOCWB), b) organic carbon (OCCNS), c) loss on ignition (LOI), d) hot water 

extractable carbon (HC), e) total calcium carbonate content (CaCO3) and f) soil respiration (Resp). 
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the total variance where the empirical variogram appears to level off, could indicate too much 

noise and not enough spatial correlation. In particular for CEM (nugget of 1.1), which 

represented the rate of mineralization of organic carbon in the soil, this probable condition had 

already been taken over by Pearson correlation matrix (Table 3.2) and validated here with 

semivariogram model. Therefore, the mineralization rate for the studied soils did not show self-

correlation and did not appear to be significantly correlated to the other properties of the soil, 

as shown additionally in the respective predictive map (Figure 3.8f), in which interpolation of 

CEM values appeared to be much less regular compare to other soil properties. 

As opposite situation, semivariogram of total calcium carbonate (CaCO3) content (Figure 

3.5e), which gave a nugget of 0.003, represented the best experimental semivariogram model. 

As described by de Menezes et al. (2016), variograms were used to describe and measure the 

spatial structure of spatial data sets. 

In case of measured CaCO3 soil property, a nugget to sill ratio (N/S) of 0.002 meant that 

only 0.2% of the variability consisted of unexplainable or random variation. Additionally, the 

high variability of CaCO3 contents (see Table 3.1) and the clustering of experimental points in 

two groups in the semivariogram model (above and below the fitted curve, Figure 3.5e) 

suggested that soil calcium carbonate spatial content was co-determined by other soil  

 

 
Figure 3.6   Experimental (points) and fitted (solid lines) model semivariograms of measured values of 

a) bulk density (BD), b) clay content, c) C/N ratio, d) inorganic carbon (ICCNS) content, e) microbial 

activity (qCO2) and f) coefficient of endogenous mineralization (CEM). 
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properties. CaCO3 content, which behaved then as two distinct populations, was affected with 

a high probability by structural factors, such as parent material, terrain, mineralogy and 

pedogenic processes. In turn, the different CaCO3 contents significantly affected the spatial 

variability of the other soil properties, especially the biological ones. 

As resulting from Figure 3.5d, the semivariogram model of hot water extractable carbon 

(HC) contents, which represented the organic C pool more labile and active in the soil, 

highlighted the greater range spatial autocorrelation (220 m), which is the distance after which 

data are no longer correlated, compared to those of the other soil attributes. The presence of this 

long-range spatial autocorrelation was much probably because, as suggested by Sarkhot et al. 

(2011), HC values were significantly affected by crop type, quality of C inputs from fine roots 

etc., all factors that were homogeneous in the studied soils, where permanent coverage was 

guaranteed by the growth of spontaneous grasses subjected to repeated mowing. 

Instead, the semivariogram models of bulk density and clay content (Figure 3.6a and b, 

respectively) showed a short-range spatial autocorrelations (60 and 80 m, respectively), 

indicating a strong correlation between them and a strong co-determination for spatial 

variability from other soil properties, in particular for bulk density values. 

Maps of predicted spatial variability of soil organic carbon pools and the other soil attributes 

strongly correlated, all resulting from application of OK exponential geostatistical model, are 

shown by Figure 3.7 and 3.8. In particular, Figure 3.7a, b, c and d highlight the distribution of 

organic C pools. Generally, indicated maps were similar, and the differences among them were 

in areas with extreme values. Indeed, first study area could be divided in two sub-area: the field 

to the north, which presented the lower values of organic carbon, and the field to the south, 

which was characterized by its high organic carbon values. Total organic carbon (TOCWB, 

Figure 3.7a) content, evaluated by Walkley-Black method, showed the major variability in 

terms of values (from 9.68 to 35.75 g kg-1), but varied gradually across the study area and 

increased from north to south. Instead, organic carbon (OCCNS) content (CNS analyzer) and 

LOI, which accounted with a good approximation to soil organic matter content (Ben-Dor and 

Banin, 1989), indicated, as the previous variable, an increase of values from north to south. 

However, differently to TOCWB property, they were able to better highlight the areas with 

average organic carbon values (23-27 g kg-1 for OC and 3.6-5.8 % for LOI; Figure 3.7b and c, 

respectively), in particular for northern field. This occurrence was also indicated by the 

semivariogram models of OCCNS and LOI parameters (Figure 3.5b and c, respectively), which 

showed a short-range autocorrelation, especially for the LOI (range of 140 m). From a 

topographic point of view, the variability of organic carbon content was in general connected 
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to soil-landscape relationship (de Menezes et al., 2016). In the studied area, the low difference 

in altitude (825-852 m) was not sufficient to justify a correlation to the different storage capacity 

of organic matter of the soils, however this seemed to be linked to their different exposure and 

slope. As indicated in Figure 3.9a and b, which respectively show the slope and aspect of the 

studied area, calculated by DEM with an accuracy of 5 m, the field below, in addition to having 

the greatest slopes (20-25%) compared to the above field, was completely exposed to the north. 

Therefore, the higher organic matter content detected there was probably due to lower soil 

temperatures, compared to those of the northern field, which showed a faster organic carbon 

dynamics, thus proved by the lower accumulations of the TOCWB, OCCNS and LOI (Figure 3.7). 

From the evaluation of different organic carbon pools in the soil, hot water extractable 

carbon (HC) was suggested to be a responsive indicator to assess effects of land management 

and availability of C to microbial population and rate of decomposition (Sarkhot el al., 2011). 

From Figure 3.7d, HC values had a strong positive spatial correlation to all forms of organic 

materials (TOCWB, OCCNS and LOI). As an expected result, increase of organic carbon content 

corresponded to an increase of available organic carbon (HC) content. However, the importance 

of this result was given by % of HC/TOCWB ratio, which showed its greater values of the field 

to the north than the one to the south, with an opposite trend compared to the values of both 

TOC and HC. This could mean that the higher percentage of organic carbon more available for 

the microbial population (HC) compared to the total organic carbon and therefore to the most 

recalcitrant fractions, further justified a faster carbon dynamics in the northern field. 

Additionally, as proved by different authors (McLauchlan and Hobbie, 2004; Nawar et al., 

2016), C/N ratio, which represented the quality of organic material in the soil, highly 

contributed to its predisposition to the mineralization. As described by distribution in Figure 

3.8c, C/N ratio values, which ranged from 3.7 to 15.5, further testified to a rapid mineralization 

and therefore a rapid consumption of organic matter in the northern part of the study area, 

compared to the southern one. Indeed, for those soils, the average C/N values of about 7-8, 

suggested a greater equilibrium between mineralization and humification phases of the organic 

matter. 

Predictive distributions of organic carbon mineralization, expressed by both soil respiration 

and microbial activity and shown in Figure 3.7f and 3.4e, respectively, were strongly correlated 

to the distributions of organic carbon pools. First, this result indicated that all carbon pools 

(TOCWB, OCCNS, LOI and HC) were robust predictors of the amount of potentially 

mineralizable soil organic. However, as suggested by Ahn et al. (2009), variability of soil 

mineralization rate that seemed to be related in the studied soils only to organic carbon content,  
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Figure 3.7   Spatial predictive maps of a) total organic carbon (TOCWB), b) organic carbon (OCCNS), c) 

loss on ignition (LOI), d) water soluble carbon (HC), e) total calcium carbonate (CaCO3) and f) 

respiration rate (Resp) content across the study area. 

 

could reflect variations also in soil temperature and moisture which were certainly influential 

environmental factors controlling soil respiration. 
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Figure 3.8   Spatial predictive maps of a) bulk density (BD), b) clay content (Clay), c) C/N ratio, d) 

inorganic carbon (ICCARB) content, e) microbial activity (qCO2) and f) coefficient of endogenous 

mineralization (CEM) across the study area. 

 

Another important consequence of soil parameters distribution was due to correlation 

between clay content and soil respiration. On the contrary, smaller mineral particles in the soil 

have the capability of sorb and protect organic matter from degradation, and respiration rate 
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should have an opposite trend to that of the clay content. However, from what has been found 

for the studied soils and what Nawar et al. (2016) have said, a small amount of clay was of 

benefit to microbial soil activity, as they could provide a formation of microaggregate necessary 

for a stable microbial colonization. In addition particularly evident from the predictive maps of 

OK, was that the respiration rate of the soil and in general the microbial activity were 

particularly hindered by the presence of large quantities of calcium carbonate (Figure 3.7e). 

The studied area has a high variability of total carbonate content, from 0 % in the southern field, 

to 22 % in the northern one, as resulted also at the time of field sampling, where the soils showed 

a large difference in effervescence with a field test with HCl. Most likely, those of parent 

material and pedogenetic processes were the structural factors that had most influenced the 

spatial variability of carbonates. The high heterogeneity of the parent material that originated 

the soils of the study area certainly contributed, as evident from the geological map and as 

already explained in the previous paragraphs. Spatial predictions of inorganic carbon (ICCNS) 

content (Figure 3.8d), obtained by subtracting the organic carbon from the total carbon value 

(CNS analyzer), were strictly correlated to prediction and spatial trend of total calcium 

carbonate, demonstrating that calcium carbonate represented most of the inorganic carbon 

fraction present in the soil. 

Lastly, bulk density, as also indicate from semivariogram models (Figure 3.6a and b), showed 

a short-range autocorrelation, as clay attribute, and they seemed to be strongly correlated each 

other. In the thematic map (Figure 3.8a), bulk density reached its maximum values (1.2-1.3 g 

cm-3) in correspondence of the areas with the clay maxima (32-33 %), and this was particularly 

evident in the field to the north, where a lower content of organic matter tended to make the 

effect of the high clay content prevail. To the southern field, where the accumulation of organic 

materials was important (35 g kg-1 of TOCWB), despite the clay reaching quite high contents 

(33%), the bulk density increase according the typical values of soils with a prevalent sandy 

fraction (1-1.1 g cm-3). This occurrence was totally explained in the presence of the organic 

material, capable of making the soils less heavy and more aerated, at least in the top soil layer. 

Thematic maps in Figure 3.9c and d show, respectively, NDVI and NDWI vegetative 

indexes for studied fields. Both were computed by using Sentinel-2 remote sensing data in 

Copernicus Open Access Hub platform, from the tile T33TVG and imagine date corresponding 

to those of soil sampling, in order to make comparable soil and vegetative sources of data. 

NDVI describes the vigor level of the crop and was calculated as the ratio between the 

difference and the sum of the radiations reflected in the near infrared and in the red, i.e. as (NIR- 
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Figure 3.9   a) Slope and b) aspect of the studied fields, derived from DEM with 5 m precision. Spatial 

predictive maps of c) NDVI and d) NDWI, both vegetative indexes computed with Sentinel-2 remote 

sensing data. 

 

Red)/(NIR + Red). The interpretation of the absolute value of the NDVI is highly informative, 

since it allows you to immediately recognize the areas of the field that have development 

problems. Values of NDVI that ranged from 0.6 to 0.8 (Figure 3.9c) indicated a condition of 

general high vegetation cover with medium-high vigor for the entire studied area. However, 

normalizing data in the map through association of the red color with the lowest value and the 

green one with the highest value, it was possible to highlight the areas of the field most stressed, 

which coincided with the northernmost part of the study area. The same situation occurred in 

Figure 3.9d, which shows the NDWI values. NDWI describes the water stress level of the crop 

and was calculated as the ratio between the difference and the sum of the radiations reflected in 

the near infrared and in the SWIR, i.e. as (NIR-SWIR)/(NIR + SWIR). The interpretation of the 

absolute value of the NDWI allowed to immediately recognizing the areas of the field that have 

water stress problems. Values, ranged from 0.4 to 0.6, indicate a high vegetation cover with no 
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water stress, for the entire studied area. However, the parts of the field that were most affected 

by water stress and which have a lower vigor, corresponded to those in which there were the 

greatest values of calcium carbonates content, demonstrating that the excessive presence of 

carbonates, typical of the northern part of the study area, negatively affected the vegetation. 

 

 

3.3   Predictions of soil carbon pools using Vis-NIR data 

 

3.3.1   Vis-NIR spectra characterization 

Soil spectral data were acquired using a spectrophotometer in the UV-Vis-NIR range (200-

2500 nm). Prior to spectra acquisition, soil samples were air-dried and finely grounded, to 

minimum reduce the scattering light effect and homogenize samples. Figure 3.10 shows the raw 

reflectance spectra of 56 soil samples, for each of which mean spectrum (solid red line) and 

standard deviation values (shaded regions) were highlighted. In particular, no treated (NT), HCl 

treated (HClT) and hot water extraction treated (HWT) soil samples showed important 

differences of the reflectance spectra (Figure 3.10a, b and c, respectively). 

Soil spectra showed several large bands of absorbance in the NIR, between 1400 and 2200 

nm, in the spectral signatures of all three types of sample treatments. The effects of water 

absorption near 1400, 1900, and 2200 nm were evident in all raw reflectance and were 

strengthened in the HWT soil curves (Figure 3.10c). For the raw reflectance, the NT and HWT 

soil curves had a similar pattern, but with a small difference in the reflectance values, and a 

moderate shifting of the 1900 nm band up to 1940 nm. (Figure 3.10b). This difference were not 

linear across the spectrum because the visible part was less affected than the NIR region. When 

looking at the HWT soil curves, apart from the minor differences over the range of 300–410 

nm, the main difference was the shifting of the band in the range 1900-1940 nm. For instance, 

wavelengths at 1900 and 2200 nm characterized absorptions from a second overtone of 

carboxyl C=O stretch vibration. However, the 1900-2200 nm was also due the Si-O adsorption 

vibrations that could overlaps with an absorption at 1940 nm caused by a combination vibration 

of water in the lattice structure of 2:1 and 2:2 clay mineral (Viscarra Rossel and Hicks 2015). 

The band at 1400 nm apart of the water was usually also associated with O-H vibration of 

organic molecules and aliphatic C-H, whilst the absorbance band at 1900 nm was related with 

amide N-H and O-H. In the band of 2200 nm, there are many organic functional groups such 

as phenolic O-H, amide N-H, amine H and aliphatic C-H (Fidêncio et al., 2002; Cozzolino and 

Morón, 2003). Overtones and combinations of fundamental stretching of these bands occurred  
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Figure 3.10   The mean soil spectrum and standard deviation values (shaded regions) in the Vis-NIR 

spectral range of a) no-treated soil samples (NT); b) HCl treated soil samples (HClT) and c) hot water 

extraction treated (HWT) soil samples. 

 

in the NIR region, and were associated to molecular O-H into the clay minerals and surface 

water (Baumgardner et al., 1986). As suggested from Asgari et al. (2020), the spectral range 
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between 350 and 1150 nm (i.e. the visible plus NIR) corresponds to the region with strong SOM 

influence. Samples containing lower SOM normally showed lower reflectance intensity in the 

Vis than samples having higher amount because they were darker. In this spectral region (350-

1150 nm), absorption features at 850-900 nm could be also related with the presence of organic 

matter, particularly evident in the spectra curve of NT sample (Figure 3.10a). With reference to 

the HWT (Figure 3.10c), the higher standard deviation of reflectance values compared to the 

others (Figure 3.10a and b) was probably due to the high variability of the soluble organic 

fraction (HWT), compared with the heavy organic fraction (TOCWB, OCCNS and LOI). In 

addition, the high variability of the reflectance values acquired from HWT samples was also 

attributable to a lower concentration of inorganic carbon and mineral fractions than those 

contained in soil samples. As shown in Figure 3.10c, spectra of HWT extracts showed several 

better clear band in the NIR region, consistent with the typical characteristics of the organic 

functional groups. The band at 1760 nm, which was found by Workman and Weyer (2008) to 

be assignable to the functional aliphatic groups and aryl C-H functional groups, was particularly 

evident in Figure 3.10 b and c, and less in the curve in the Figure 3.10 a, where the presence of 

calcium carbonate in no-treated soils probably overlapped this organic molecules feature. 

Others important features were found in the range 2020-2050 nm, due to presence of methyl C-

H groups (carbohydrate), which distinguished the chemical composition of the non-recalcitrant 

fractions of organic carbon (Viscarra Rossel and Hicks, 2015). In addition, absorption features 

between 2300 and 2500 nm (Figure 3.10c) could be attributed to aromatics C-H, phenolics C-

OH and aliphatic C-H links (Viscarra Rossel and Hicks, 2015) and not decomposed organic 

residue, including cellulose, glucan and pectin with different roles in the turnover of SOC. 

Spectral curves showed that all these reflections overlapped to signals of non-SOC 

components in the spectral signatures of NT soil (Figure 3.10a), indicating that the HWT 

extracts was very useful to evaluate the effect that the labile component of the soil organic 

matter (HWT) had on the spectral behavior. 

From comparison between Figure 3.10a and b, it was possible to evaluate the contribution 

of inorganic carbon fraction on the spectra features. Firstly, as also suggested by Riefolo et al. 

(2019), spectrum with the highest total carbonate content showed a greater reflectance than the 

lower one. Indeed, spectra of analyzed soils that did not contain calcium carbonate (previously 

HCl treated and oven-dried) showed an average lower reflectance of about 8.6% compared to 

NT curves soils (Figure 3.10a). Furthermore, as observed by several authors (Ben-Dor and 

Banin, 1990; Riefolo et al., 2019; Asgari et al., 2020), in the NIR spectral range the strong bands 

that appear at around 2245 and 2345 nm, were due to C-O stretching mode in CaCO3 molecules. 
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These findings indicated the presence of carbonates and identified the spectral range of 2000-

2500 nm as highly informative for their quantification. 

 

3.3.2   Soil carbon pools affecting Vis-NIR spectra 

Pearson’s correlation coefficient (r) at 0.05 p-value was used to investigate the correlations 

of the soil organic and inorganic carbon fractions with the spectral raw reflectance values across 

the measured Vis-NIR spectral range (Figure 3.11). Generally, all soil properties significantly 

(p-value <0.05) affected the spectral reflectance response of the soil samples. Total carbon 

(TCCNS) obtained by using CNS analyzer, is the carbon fraction of the soil that was least 

correlated to the spectral information acquired, particularly in the Vis range, where correlations 

were not significant (r = 0.05-0.2). In the NIR range, TCCNS exhibited a poorly positive 

correlation across the spectrum. 

As a first indicative result, it was possible to note how the fractions of inorganic carbon, 

expressed by calcium carbonate content (CaCO3) and inorganic C (ICCNS) obtained by TCCNS – 

OCCNS (CNS analyzer), were positively correlated to soil spectra. Whereas, organic fractions, 

expressed as total organic carbon (TOCWB) and hot water carbon (HC) by wet oxidation, and 

OCCNS and LOI by dry combustion methods, negatively correlated soil spectra. This finding 

corroborated the previous results obtained from analysis of soil spectra characterization, 

according to which the greater content of carbonate increased the reflectance of soils, while the 

greater content of organic substance decreased soils reflectance, in particular for Vis range. 

Among positive correlations, the highest ones were found for CaCO3, followed by ICCNS. 

The effect of CaCO3 content on spectral reflectance was more intensive in the NIR region with 

reaching its higher values in the range 0.80- 0.83 between 1400 and 2500 nm wavelength. These 

results are consistent with those of Mammadov et al. (2020). The patterns observed for CaCO3 

were similar for ICCNS content, although this showed a lower correlation with spectral 

information than the carbonate content. This was probably due to the additional presence of 

inert carbon in the ICCNS fraction compared to that of CaCO3, exclusive to calcium carbonate 

content. Then ICCNS generated a less precise response on the spectral signatures of soils due to 

spectral overlapping of inorganic carbon components that differ in their chemical composition. 

Regarding the carbon fractions negatively correlated to spectral reflectance, the highest and 

lowest correlations were typical to LOI and TOCWB fractions, respectively. In general, all the 

measured organic fractions (TOCWB, OCCNS, LOI and HC) showed a greater negative 

correlation in the Vis range rather than in the NIR, demonstrating that the Vis was the spectral  
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Figure 3.11   Pearson’s correlation coefficients between spectral reflectance at each wavelength (200-

2500 nm) and soil carbon pools. 

 

range for which the SOM values had a lower reflectance. The correlations were especially 

higher (-0.78 for LOI; -0.6 for HC; -0.5 for OCCNS and -0.45 for TOCWB) at wavelengths 

between 540 nm and 730 nm as observed by previous studies (Henderson et al., 1992; 

Bartholomeus et al., 2008; Nocita et al., 2013), who found highest correlation at 600 nm 

wavelength. Summarily, this research showed variations and typical patterns in reflectance 

spectra corresponding to the variations in soil carbon pools. 

In addition, to deepen the knowledge of the link between spectra and soil carbon fractions 

as described in the previous paragraph (descriptive statistics of soil properties), principal 

component analysis (PCA) was also performed using the soil spectra wavelength as continuous 

variables for construction of the new system of components. The first interesting implication 

resulting from this further processing was the better percentage of total variance of dataset 

explained by the first two components. As shown in Figure 3.12, PC1 accounted for 94% and 

PC2 for 4%, for 98% of the entire variance of the dataset. The great difference in the percentages 

of variance explained between soil property variables (referred to Figure 3.4) and spectral 

variables surely lied in the first place from the difference between the numbers of variables used 

in the two PCAs (35 soil properties compared to 1150 reflectance points). 

However, as shown in Figure 3.13, and differently from what happened in the previous PCA 

(referred to Figure 3.4), all the reflectance values for the spectra of the soils were considered as 

important for the construction of the new system of components capable of describing the 

dataset. Indeed, PC1, represented by blue line in the figure, was entirely comprised between the  
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Figure 3.12   Score plot resulting from PCA performed using soil spectra wavelength as X-loadings. 

Groupings refer to clusters of samples according to scaling soil parameters: a) organic carbon content, 

expressed as TOCWB; b) LOI parameter; c) extractable hot water organic carbon (HC) and d) calcium 

carbonate contents (CaCO3). 

 

two dashes red lines, which represented respectively the 50 and 100% of contribution in the 

model. This result highlighted the absolute but not exclusive importance of using row Vis-NIR 

reflectance spectra for a first evaluation of a set of soil samples. 

In addition, the score plot resulting from this second application of PCA was used for 

demonstrating the presence of any clusters of samples, according to soil properties and using 

only soil spectra as variables. Properties about carbon pool contents in the soil were chosen: 

inorganic (CaCO3), expressed as percentage of total calcium carbonate, and organic, expressed 

by both total organic carbon (TOCWB from Walkley-Black method) and LOI. Classification of 

values of chosen properties was made according to VV.AA. (2006). From Figure 3.12d, Vis- 

NIR spectra were able to highlight very well the different calcium carbonate contents in the 

studied soils, from weakly calcareous (blue squares) to medium (red dots) and strongly 
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Figure 3.13   Correlation loadings line plot resulting from PCA performed using soil spectra wavelength 

as X-loadings. 

 

calcareous (green triangles). The same result was found for the LOI parameter (Figure 3.12b): 

excellent discrimination between samples with good LOI content (<4%, blue squares) and rich 

content (4-8%, red dots) was shown; the highest values of LOI (>8%, green triangles) were not 

well represented, as they were present only in the number of two samples. Instead, for TOCWB 

parameter, Vis-NIR spectra were able to separate only soil samples with the lowest organic 

carbon contents (Figure 3.12a); blue squares highlight values lower than 8 g kg-1 of TOCWB, 

red dots values from 8 to 13 g kg-1 of TOCWB. For HC parameter, which represents the soil 

carbon pool more labile and active and more easily degradable by microorganisms, soil spectra 

were able to separate only the lower HC values (blue squares; HC <1 g kg-1) from the higher 

ones (green triangles; HC >2 g kg-1). This suggested that the used scaling parameter did not 

allow the intermediate values of HC to be well identified, which presented a rather generic and 

confusing placement in the score plot (Figure 3.12c). Further, both TOCWB and HC organic 

fractions that were obtained by wet combustion procedures and then subjected to incomplete 

oxidation were less clearly highlighted by the spectral data than the LOI parameter. Since the 

LOI was measured by a dry combustion technique that generated an overestimation of the 

organic substance mainly due to the presence of carbonates and clay minerals (Ben-Dor and 

Banin, 1989), it was less affected by the interference and overlapping of Vis-NIR signal due to 

the non-SOC components (Chatterjee et al., 2009). This leaded to a better subdivision of the 

samples with different LOI content as a function of the spectral data. However, it was possible 

to state that all the values taken into consideration in the PCA were distinct according to PC1 

(scaling according x-axis), as even suggested by the correlation loadings plot in Figure 3.13. 
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Anyway, it was possible to state that Vis-NIR reflectance spectra were suitable for both a 

first check of soil samples, and also to discern for their soil carbon pools, either inorganic or 

organic. The way in which the spectra are able to evaluate each carbon pool in the soil will be 

discussed later. 

 

3.3.3   Performances of carbon pools predictions 

The predictions of soil carbon pools in the spectral Vis-NIR range were performed randomly 

splitting the studied dataset in calibration (70%) and validation (30%) subsets. To reduce the 

spectral noise and optimize the spectral data, different kinds of preprocessing transformations 

were applied (see the specific preprocessing transformation techniques and related 

abbreviations in Table 3.4). Three different regression models were chosen, partial least square 

(PLS), support vector machine (SVM) and boosted tree (BT). Prior to regression models 

application, raw reflectance spectra were treated with 5 different preprocessing, in order to 

enhance the spectral features and fit the best relationship with the different organic carbon pools 

of the soil. The adopted preprocessing were: Savitzky-Golay filter and absorbance 

transformation (SG+Abs), first and second derivative transformations (1st Derivative and 2nd 

Derivative), standard normal variate (SNV) and multiplicative scatter correction (MSC) 

transformations. Preprocessing were also compared in all regression methods with 

performances of predictions obtained from raw reflectance spectral data (R). Tables 3.4 and 3.5 

summarizes the results of predictions (calibration and validation respectively), whose 

performances were evaluated by means of coefficient of determination (R2), root mean squared 

error (RMSE) and residual prediction deviation (RPD). 

In general, the application of regression models and preprocessing has obtained good results 

in calibration (Table 3.4), although there were differences of performances among models, 

preprocessing and even when considering soil organic and inorganic carbon pools. When 

considering the model quality in validation (Table 3.5), predictions provided the best results, 

with coefficient of determination (R2) varying from 0.90 for the PLS model to 0.93 for the 

CaCO3 content. Usually, preprocessing transformations of spectral data improve the accuracy 

of regression models. Some studies have reported improvements of the regression models by 

using first and second derivatives (Dunn et al., 2002), normalization of the data, and scatter 

corrections, while others found better results with untransformed reflectance data (McCarty et 

al., 2002). Figure 3.14 and 3.15 display values of coefficient of determination R2 resulting from 

validation of the predictions about organic and inorganic carbon fractions, respectively. Firstly, 

it was possible to note that for the majority of cases, the application of preprocessing 
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transformations has led to improving of predictions, compared to results of regressions obtained 

using directly raw reflectance spectra, without any pre-treatment. This finding was in line with 

different authors (Igne et al., 2010; Buddenbaum and Steffens, 2012; Zhang et al., 2020; Davari 

et al., 2021), who found improving of the prediction accuracy with pre-treated soil spectra. 

Among the four organic carbon fractions (TOCWB, OCCNS, LOI and HC; Figure 3.14) and the 

two inorganic carbon (ICCNS and CaCO3; Figure 3.15), the best performances of predictions in 

validation were obtained from LOI and CaCO3 content parameters (Table 3.5). The prediction 

of LOI had achieved excellent values of coefficient of determination, corresponding to R2 = 

0.84 for from the PLS regression model with 1st derivative transformation (RMSE = 0.67, RPD 

= 2.36) and SVM regression model with 2nd derivative transformation (RMSE = 0.69, RPD = 

1.79), and R2 = 0.85 for SVM model with 1st derivative transformation (RMSE = 0.66, RPD = 

2.02). Values of RPD >2.0 were considered accurate predictive models; RPD values between 

1.4 and 2.0 indicated fair models that could be improved by more accurate predictive 

techniques; RPD values <1.4 indicated poor predictive capacity (Chang et al., 2001; Chang and 

Laird, 2002). Indeed, as shown in Figure 3.14c, PLS and SVM turned out to be the regression 

models that best fit the values of LOI, compared to BT regression, for which derivatives, SNV 

and MSC preprocessing transformations led to degrading the prediction performance. 

Moreover, the combination between preprocessing method and regression model that generated 

the best accuracy of prediction was 2nd derivative/PLS. 

Considering predictions from no-pretreated spectra, the prediction accuracy improved in terms 

of R2 from 0.22 to 0.79 for TOCWB, from 0.18 to 0.80 for OCCNS and from 0.45 to 0.90 for HC 

fraction, with correspondig RMSE and RPD values of 0.43 and 1.93, 2.87 and 2.83, and 0.02 

and 3.05 for TOCWB, OCCNS and HC, respectively. However, as possible to see from Figure 

3.14, 2nd derivative transformation was also able to improve the estimation accuracy of the 

SVM regression, consistently of what found by Gao et al. (2014), for which the good 

performance achieved by the SVM model can be clarified by its capability to model the 

nonlinearity among the reflectance data and soil organic carbon content. These results match 

those from Dotto et al. (2018), who found the spectral derivative preprocessing with the SVM 

method the best combination for the prediction of SOC content. Performances of prediction of 

HC fraction (Figure 3.14d) were also good, suggesting that the spectral analysis was able to 

successfully predict even the labile fraction of soil organic carbon, which represents the organic 

part most exposed to degradative and erosive phenomena. Lastly, BT regression on organic 

carbon pools was the model that achieved the lowest results in terms of accuracy, excluding 
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Table 3.4 

Performances of calibration of soil carbon pools (TCCNS, TOCWB, OCCNS, HC, LOI, ICCNS and CaCO3) predictive models in Vis-NIR spectra with the corresponding 

preprocessing transformation. 

 
Note   Preprocessing: raw reflectance spectra (Raw spectra); Savitzky-Golay filter and absorbance (SG+Abs); first derivative (1st Derivative); second derivative 

(2nd Derivative); standard normal variate (SNV) and multiplicative scatter correction (MSC) transformations. 

Models: partial least square (PLS); support vector machine (SVM) and boosted tree (BT) regressions. 
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Table 3.5 

Performances of validation of soil carbon pools (TCCNS, TOCWB, OCCNS, HC, LOI, ICCNS and CaCO3) predictive models in Vis-NIR spectra with the corresponding 

preprocessing transformation. 

 
Note   Preprocessing: raw reflectance spectra (Raw spectra); Savitzky-Golay filter and absorbance (SG+Abs); first derivative (1st Derivative); second derivative 

(2nd Derivative); standard normal variate (SNV) and multiplicative scatter correction (MSC) transformations. 

Models: partial least square (PLS); support vector machine (SVM) and boosted tree (BT) regressions. 
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Figure 3.14   Coefficient of determination (R2) in validation of PLS, SVM and BT regressions for soil 

organic carbon fractions a) TOCWB, b) OCCNS, c) LOI and d) HC) under different preprocessing. 

 

TOCWB parameter, for which application of this method achieved very good performances 

starting from derivative spectra (R2 = 0.69, RMSE = 0.51 and RPD = 1.26, in 1st derivative; 

and R2 = 0.65, RMSE = 0.55 and RPD = 1.30, in 2nd derivative). 

Figure 3.15 shows the performance of predictions in terms of coefficient of determination 

R2 about total and inorganic soil carbon pools. In particular, for total carbon fraction (TCCNS; 

Figure 3.15c) accuracy of predictions were lower than the others analyzed parameters. This 

finding was expected, given the low correlation between the measured total carbon values and 

the spectral reflectance across the entire Vis-NIR range, as demonstrated in Figure 3.11 

previously discussed. In general, fitting for TCCNS was higher in SVM regression than PLS and 

BT, with Savitzky-Golay filter and absorbance transformation preprocessing that was 

performing as well as raw reflectance spectra. However, in line with the results obtained for 

organic carbon fractions (TOCWB, OCCNS, LOI and HC), the best preprocessing method that 

considerably increased the estimation accuracy was the second derivative transformation, so 

the values of R2, RMSE and RPD were respectively 0.76, 0.36 and 1.80 when combined with  
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Figure 3.15   Coefficient of determination (R2) in validation of PLS, SVM and BT regressions for soil 

inorganic carbon fractions a) ICCNS and b) CaCO3 content, and c) total carbon content (TCCNS) under 

different preprocessing. 

 

PLS, and 0.83, 0.31 and 1.90 in combination with SVM regression (Table 3.5). 

Prediction performances of soil inorganic carbon fractions, expressed as ICCNS (TCCNS - 

OCCNS) by CNS analyzer and calcium carbonate content (CaCO3) by gas-volumetric method, 

are shown in Figure 3.15a and b, respectively. As shown, they had opposing capacities to be 

predicted in regression models by means of Vis-NIR spectra. PLS and SVM regression models 

were more suitable for CaCO3 parameter than ICCNS, whose predictions showed more 

performing results when applied the BT regression method. as shown in the Figure 3.15a and 

the Table 3.5, ICCNS gained the best performance of prediction by combination of 1st derivative 

preprocessing transformation and BT regression model, with R2 = 0.68, RMSE = 4.30 and RPD 

= 1.64. 

On the contrary, the CaCO3 parameter, which achieved the best prediction results among all 

the carbon pools analyzed, showed the finest results (R2 = 0.93 and 0.94) with the combinations 

of 1st derivative/PLS and 1st derivative SVM, respectively, but excellent results were also 

achieved applying all the used preprocessing transformations in PLS and SVM, comprises raw 
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reflectance spectra. No treated spectra for CaCO3 have obtained results of R2 = 0.89, RMSE = 

2.13 and RPD = 2.91 in PLS, R2 = 0.89, RMSE = 2.18 and RPD = 2.65 in SVM, and R2 = 0.86, 

RMSE = 2.47 and RPD = 2.52 in BT regression models, as displayed in Table 3.5. These 

findings were in agreement with Miloš and Bensa (2018), who found slightly better results with 

SVM than PLS regression (R2 = 0.88 compared to R2 = 0.86) in the prediction of soil carbonates. 

The results were also corroborated from the founding obtained by Gomez et al. (2008) and 

Gomez et al. (2012), for which predictions of carbonate using PLS regression method have 

achieved values of R2 of about 0.94 and 0.76 respectively, suggesting that both PLS and SVM 

can be consider as suitable prediction models for CaCO3 prediction. 

Summarily, predictions of total carbon (TCCNS), organic carbon (TOCWB, OCCNS, LOI and 

HC) and inorganic carbon (ICCNS and CaCO3) fraction contents for the studied soils appeared 

to be very performing in Vis-NIR spectral range. In particular, organic carbon fractions were 

best predicted by combining the second derivative preprocessing with the PLS regression 

model, especially for the hot water extracted carbon (HC) values. As shown in Figure 3.16 that 

depicts the scatterplots deriving from the best prediction models for validation datasets, HC 

parameter (Figure 3.16d) showed the least scatter of validated samples from the regression line,  

 

 
Figure 3.16   Scatter plots of Vis-NIR predicted versus measured values of soil carbon pools from 

validation dataset. Organic carbon fractions a) TOCWB, b) OCCNS, c) LOI and d) HC resulting from 2nd 

Der/PLS combination; inorganic carbon fractions e) CaCO3 and f) ICCNS resulting from 1st Der/SVM 

combination. 
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as opposed to TOCWB (Figure 3.16a), which, among the organic carbon fractions, is the one 

that most exhibited a scattering effect and the lower values of prediction capability. At the same 

time, the combination that perfectly predicted inorganic carbon fractions was first derivative 

and SVM regression, particularly for CaCO3 parameter, whose scatter plot (Fig. 3.16e) 

highlighted the great potential of Vis-NIR to predict both lower and higher values of soil 

carbonates. Instead, ICCNS parameter (Fig. 3.16f) showed the lowest values of R2 and RPD and 

the highest RMSE in Vis-NIR prediction compared to the others carbon fractions, 

demonstrating the scatter plot that the estimation inaccuracy increased with decreasing ICCNS 

values. 

From analysis of VIP (variable importance in the projection) profile, resulting from PLS 

regression model, it was possible to evaluate which wavelengths contributed most to the 

prediction of the various soil carbon fractions. 

As resulting from Figure 3.17, which display the values of VIP>3 for soil parameters, the 

majority part of Vis-NIR spectra range had importantly contributed to predictions of all selected 

variables (soil carbon pools) in PLS regression model. The main absorbance regions selected 

in the PLS model were associated to soil organic and inorganic constituents in the Vis region 

at 400 nm (chromophores groups), in the NIR at 800 nm (organic pigments), 1400-1900 nm 

(OH groups), 2000-2200 nm (C-H and N-H groups), and 2200-2400 nm (C-H and C-O groups). 

However, considerations about different contributions were made. First of all, the organic 

carbon fractions, in particular the hot water extracted organic carbon (HC), showed different 

relevant and continuous bands between 200 and 1200 nm, considered by Aïchi et al. (2009) as 

the most important for SOC prediction, and 1250-1500 nm that overlapped with C=O of 

carbonate. The secondary important spectral window for organic carbon of the studied soils,  

 

 
Figure 3.17   Summarizing of VIP profiles along the whole spectra range of the PLS regression model 

of organic and inorganic carbon fractions. Threshold of VIP>3 was taken into account to select the 

important wavelengths. 
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and this was particularly evident in LOI parameter, occurred in the two important part of the 

NIR region (1300-2100 nm and 2100-2500 nm). The last SWIR range considered by other 

authors as the most important for predicting SOC (Stenberg et al., 2010), was attributed to C-

H and C-C bounds links in cellulose (Viscarra Rossel and Hicks, 2015). The absorption feature 

at 2200 nm is also due to the clay component because of lattice water, which is incorporated in 

the clay mineral structure. However, this absorption feature was also evident in the carbonate. 

Indeed, for soil inorganic carbon fractions (both CaCO3 and ICCNS) the VIP profile showed a 

sort of specular trend opposite to the organic fractions, although the Vis range also contributed 

well to inorganic fractions prediction. The SWIR region, from 1600 to 2500 nm, arranged the 

spectral bands that contributed most to their prediction. The VIP has achieved values between 

5 and 6 for CaCO3 and ICCNS fractions for the several bands around 2300-2500 nm, which 

contained signal of carbonates due to C-O stretching mode in CaCO3 molecules (Ben-Dor and 

Banin, 1990; Riefolo et al., 2019; Asgari et al., 2020). 

 

 

3.4   Validation of Vis-NIR predictions using external remote sensing Sentinel-2 data 

 

With the aim to using the Vis-NIR regression model to extend the prediction of soil organic 

and inorganic carbon pools from field to farm-scale, satellite spectral data were used as external 

validation dataset of PLS regression models, previously obtained with laboratory soil spectra. 

External validation allowed predicting soil carbon pools in points where values were unknown. 

For the purpose, satellite Sentinel-2 spectra were chosen from multispectral imagery, 

downloaded by Copernicus Open Access Hub, for pixels of bare soil (NDVI threshold of 0.27). 

Figure 3.18 shows raw reflectance spectra of laboratory soil spectra and interpolated row 

Sentinel-2 bare soil spectra (Figure 3.18a and b, respectively), for the 440-940 nm spectral  

 

 
Figure 3.18   Raw reflectance spectra for the spectral range 440-940 nm of a) laboratory soil samples 

spectra and b) Sentinel-2 soil spectra of selected multispectral imagery pixels. 
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range. Prior to application of PLS regression model to predict unknown samples, the Sentinel-

2 spectra were preprocessed using 2nd derivative transformation for estimation of organic C 

fractions and 1st derivative transformation for inorganic fractions, according to the 

preprocessing transformation that allowed achieving the best performances in PLS regression 

model, on which was discussed above. 

Table 3.6 reports the percentage of the explained X total variance (wavelengths of Sentinel-

2 spectra) resulting from prediction, according to seven different PLS factors. As noticeable, 

organic carbon fractions explained a lower variance of spectral dataset compared to the 

inorganic fractions. There was no high difference between the organic fractions, with an about 

20% of explained total variance for OCCNS and LOI parameters, and 19% for TOCWB and HC.  

The sensibility increased when inorganic carbon fractions were considered, with a 

percentage of about 52% in CaCO3 content in correspondence of factor-6, and 56% for ICCNS 

parameter, according to factor-7. These findings suggested that predicted values of soil carbon 

pools using Sentinel-2 data were subject to a considerable estimation error, greater for the 

organic carbon values than for the inorganic carbon ones. The causes of the low estimation 

accuracy could be found in the differences or dissimilarities between the spectral signatures of 

the soils analyzed in the laboratory, compared to those downloaded from Sentinel-2, especially 

in the first part of NIR region (700-940 nm; Figure 3.18) (de Vries and Ter Braak Cajo, 1993). 

The differences were mainly due to the higher heterogeneity in soil surface of Sentinel-2 

samples, in terms of soil moisture and roughness, which most influenced the NIR bands of the 

soil spectra (Nanni and Dematte, 2006). These occurrences were completely avoided in 

laboratory spectra because of air-drying and grinding of soil samples prior to spectra 

acquisition, which standardized spectral measurements (Torrent and Barrón, 2008). Moreover,  

 

Table 3.6 

Values of explained X total variance in validation performances of Sentinel-2 spectra according to the 

factors of PLS regression model. 

 TOCWB OCCNS LOI HC CaCO3 ICCNS 

Factor-1 17.6 17.7 17.1 17.2 12.5 13.5 

Factor-2 16.6 17.9 17.2 17.9 35.6 19.3 

Factor-3 17.4 17.7 18.8 18.2 40.1 39.0 

Factor-4 19.8 18.6 20.4 19.1 46.2 39.0 

Factor-5 19.3 17.9 20.1 18.9 51.0 45.2 

Factor-6 19.0 19.9 20.2 19.5 52.4 53.5 

Factor-7 19.6 19.6 19.2 18.8 46.9 56.3 
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atmospheric scattering and absorption along Vis-NIR range, which could cause lack of 

information (Hosseini Aria et al., 2012), mostly affect Sentinel-2 spectra. According to 

Shivangi and Kumari (2020), atmospheric correction becomes essential when working with 

remote sensing data, and the values of aerosol optical density increase during winter and 

summer seasons. 

Most of the authors (Vaudour et al., 2019; Dvorakova et al., 2020; Piccini et al., 2020; 

Silvero et al., 2021; Zhou et al., 2021) that recently focused on soil carbon pools by remote 

sensing data, used Sentinel-2 soil spectra for both calibration and validation in the regression 

models, obtaining interesting  results. However, the using of remote sensing data is particularly 

hampered when working in study areas where the principles of conservation agriculture 

(permanent soil cover) are applied, due to the lack of bare soil points. For this reason, in this 

case study it was preferred to conduct the analysis of the soils with the laboratory spectroscopy 

technique, and only at a later time to expand and integrate it through the remote sensing 

technique, to obtain a view at farm-scale and beyond of field. 

Anyway, as possible to see from Figure 3.19 and 3.20 that summarize the correlations 

between organic and inorganic carbon fractions, the predicted values were highly correlated to 

 

 
Figure 3.19   Pearson correlations (p-value <0.05) and frequency distribution between the Sentinel-2 

predicted values of soil organic carbon fractions (TOCWB, OCCNS, LOI and HC). 
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Figure 3.20   Correlations between the Sentinel-2 predicted values of soil inorganic carbon fractions 

(CaCO3 and ICCNS). 

 

one each other, demonstrating that the Sentinel-2 has the capability to lower the gap between 

the various carbon fractions, found instead with the data measured thought laboratory methods. 

In particularly, predicted organic carbon fractions that showed all a normal distribution weakly 

skewed, exhibited a better correlation between TOCWB and OCCNS, and OCCNS and LOI, with a 

linear regression coefficient very close to 1 in the scatter plot of LOI against HC parameter 

(Figure 3.19). The same also occurred for inorganic carbon fractions (Figure 3.20), although 

the predicted ICCNS parameter showed higher values compared to those of total carbonate 

(expressed in equivalents of C), which explained the partial less correspondence between the 

two for the lower values of inorganic carbon. 

Sentinel-2 then proved to be a powerful tool capable of recognizing and differentiating the 

various soil carbon pools, especially those most exposed to the risk of degradation and erosion 

(HC). 

 

3.4.1   Spatial prediction of Sentinel-2 carbon pools from field to farm-scale 

Predicted Sentinel-2 soil carbon pools were subsequently used to create thematic maps of 

the entire territories of the farm analyzed, obtaining a view from field-scale to farm-scale with 

the sole contribution of integration between Vis-NIR spectroscopy and Sentinel2 multispectral 

data. 

For spatial predictions of predicted soil carbon pools, geostatistical methods were used. In 

particular, according to previous results from spatialization of measured soil carbon pools, 
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exponential approach to geostatistics ordinary kriging was chosen. Figure 3.21 shows the 

spatial predictions of organic carbon pools of the soils, suggesting a large differentiation for the 

farm territories in terms of organic carbon contents. As could be seen, the fields that have been 

the subject of in-depth chemical investigation (in the central part of the map) showed the lowest 

values of organic carbon pools, with a high spatial correlation between them. Instead, the fields 

further south were those with the highest organic carbon values, probably due to the presence 

of wooded areas in the immediate vicinity. 

The predicted inorganic carbon pools shown in Figure 3.22 exhibited a trend opposite to that 

of organic pools. In particular for carbonate content (Figure 3.22a), the fields of the northern 

part of the farm showed the lowest carbonate values, resulting completely decarbonated and  

 

 
Figure 3.21   Spatial predictive soil maps with ordinary kriging of predicted Sentinel-2 organic carbon 

pools: a) TOCWB, b) OCCNS, c) LOI and d) HC across the Melise farm territories. 
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Figure 3.22   Spatial predictive soil maps of predicted Sentinel-2 inorganic carbon pools: a) CaCO3 and 

b) ICCNS. c) Aspect of Melise farm territories. 

 

therefore subjected to a very fast carbonate dynamics. On the other hand, the fields subjected 

to chemical analysis (central part of the Melise territories) resulted in those with the highest 

inorganic carbon content (both CaCO3 and ICCNS parameters). In the specific case of the area 

under study, the NDVI values, although indicating a good vegetative vigor (see Figure 3.9c), 

do not correspond to the productivity of the apple orchard, indicating that other physiological 

and climatic factors (failure to fruit set and late frosts) had a more marked impact than the 

carbonate content, reducing the yield. 

Generally, even with the predicted values, it was possible to state that as carbonates 

increased, the organic content of soils decreased, especially in their most extreme values. 

However, soils that contained average values of calcium carbonate and inorganic carbon also 

had a good organic carbon content, demonstrating that carbonate dynamics was certainly not 
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the only factor that correlates with SOC content. Indeed, as clearly evident from Figure 3.22c, 

the factor that most influenced the dynamics of carbon was that of exposure, confirming that 

the fields with north exposure were those with the greatest contents of organic carbon (the lower 

in carbonate), and in which the dynamics of SOC was slower than elsewhere. Furthermore, to 

corroborate this result, the farm’s soils that showed the highest values of organic carbon 

fractions were those that, prior to conversion into apple orchards, were made up of permanent 

meadows, and therefore already rich in SOC. Thus, the soil management factor appears to be 

predominant for the accumulation or loss of the organic carbon. 

In the final analysis, by means of the semivariogram models obtained from the application 

of the exponential OK models, it was possible to evaluate the goodness of the spatial predictions 

of the values predicted by Sentinel-2. All soil carbon parameters reached spatial incorrelation 

values around 1200 m, with the exception of the total carbonate parameter (Figure 3.23e), which 

showed a long-range spatial autocorrelation (1600 m). The values of LOI and HC parameters 

(Figure 3.23c and d, respectively) showed the lower nugget effect, compared to those of TOCWB 

and OCCNS (Figure 3.23a and b, respectively). In general, for all soil carbon values, both organic 

and inorganic, the actual values (points in the semivariograms) predicted by Sentinel-2 showed 

a greater scattering effect than the fitted ones (solid line), compared with those measured for  

 

 
Figure 3.23   Experimental (points) and fitted (solid lines) model semivariograms of Sentinel-2 predicted 

values of a) TOCWB, b) OCCNS c) LOI, d) HC, e) CaCO3 and f) ICCNS parameters. 
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the study area, and therefore a greater spatial prediction error. This condition was mainly due 

to the different type of sampling, regular in the fields subject to chemical analysis, clusters type 

for the Sentinel-2 points, whose position was linked to the presence of bare soil. Indeed, as 

suggested by (Castrignanò et al., 2000), regular sampling leads to a better performance of the 

geostatistical models compared to a random and cluster sampling. 

However, it was possible to observe that from the integration between Vis-NIR and Sentinel-

2 techniques good prediction maps of the soil carbon pools were obtained, suggesting that the 

approach adopted in this research is valid for carrying out a screening of the soils subject to 

study and estimate their ability to lose or acquire organic carbon. 
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Conclusions 

 

From different carbon chemical analysis methods, it was possible to measure the different 

fraction of the soil organic and inorganic carbon from fields of an organic farm, in which the 

principles of conservation agriculture (permanent soil cover) are applied. 

By the employing of CNS analyzer, total C and organic C content were assessed, namely 

respectively TCCNS and OCCNS. The difference between them was indicated as total inorganic 

C (ICCNS). From wet oxidation procedure turned out total organic C (TOCWB) and hot water-

extracted organic C (HC), the latter previously treated with hot water (80°C) and considered as 

soluble organic C fraction, as more labile and active in the soil. Moreover, loss on ignition 

(LOI) as dry combustion method was employed to deepen the quality of organic materials in 

the studied soils, and total calcium carbonate content by HCl treatment, as part of inorganic C 

fraction. Our result indicated that OCCNS and TOCWB parameters (the means values were 24.6 

and 19.6 g kg-1, respectively) accounted for 52% and 41% of total C (TCCNS; mean of 47.5 g 

kg-1). This suggested that OCCNS estimated an organic fraction of 20% greater than TOC, which 

was resistant (namely recalcitrant) to wet chemical oxidation. The largest part of SOC seemed 

to be contained in LOI parameter (mean of 51.4 g kg-1), although LOI is well known to be 

overestimates, due to losses of structurally bound water in clay minerals and other non-SOC 

fractions. Moreover, OCCNS and TOCWB represented about 47% and 38% of LOI, indicating 

that the conventional LOI-to-SOC conversion factor of 0.58 was not applicable in the studied 

soils. As inorganic fractions, ICCNS and ICCARB (means values of 22.8 g kg-1 and 15.2 g C-

CaCO3 kg-1, respectively) were about 48% and 32% of TCCNS, suggesting that ICCNS parameter 

contained 33% more inorganic carbon than ICCARB, and which was different from calcium 

carbonate. The value of HC (mean of 1.5 g kg-1), which constituted the soluble organic carbon 

fraction (active and labile), was positively correlated to both TOCWB and OCCNS values, and to 

biological properties. In particular, the increasing of labile pool of organic carbon resulted in 

an increase of microbial activity (qCO2 index). The value of organic C accumulated (Stock C 

kg m-2, mean of 4.45 stock C kg m-2) seemed to increase the formation of macro-pores and 

macro-aggregates induced by the presence and management of grass cover. This finding 

indicated that long-term orchard-cropping farming system increased SOC stocks in the topsoil 

layer. 
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From a spatial prediction of measured soil C pools, ordinary kriging linked to the analysis 

of semivariograms, it was possible to split the studied area in two sub-area: to the north, with 

the lower values of organic C, and to the south, characterized by high organic C values. This 

appeared to be related to their different exposure and slope, with the higher organic C values 

for northern exposures of soils, showing slower carbon dynamics and greater carbon 

accumulation. HC contents increased with the increasing of organic C, but the HC/TOCWB ratio 

decreased at the increasing of organic C, justifying the faster carbon dynamics in the northern 

field. Inorganic C fractions showed an opposite trend compared to organic ones, classifying the 

soils from calcareous to weakly calcareous or completely decarbonated, due to the great 

variability of climate (increasing soil moisture more decarbonated) and more carbonate in the 

parent material. The biological properties (soil respiration and microbial activity) were found 

to be negatively affected by the presence of carbonates. 

The application of Vis-NIR spectroscopy as proximal soil sensing technique allowed to 

obtain accurately results in predictive regression models for the studied soil properties. First, 

from a qualitative check of soil spectra it turned out that several large bands of absorbance in 

the SWIR, between 1400 and 2200 nm, were lied to the presence of many organic functional 

groups such as phenolic O-H, amide N-H, amine H and aliphatic C-H. In addition, spectra of 

hot water extracts revealed the typical characteristics of the organic functional groups, whose 

absorbance peaks has not been overlapped from absorptions of the inorganic carbon and mineral 

fractions, which were present in lower concentrations than in untreated soils. Inorganic C forms 

exhibited typical absorptions at 2245 and 2345 nm, due to C-O stretching mode in CaCO3 

molecules. 

For the construction of the predictive models for the C pools parameters of the studied soils, 

three different regression methods were chosen, partial least squares (PLS), support vector 

machine (SVM) and boosted trees (BT). Previously to their application, the spectra were treated 

according to five preprocessing methods, Savitzky-Golay filter and absorbance transformation, 

first and second derivatives, standard normal variate (SNV) and multiplicative scatter 

correction (MSC) transformations. The organic C fractions had gained the best results from a 

combination between second derivative and PLS regression in validation dataset, with a 

performances of R2=0.79, RMSE=0.43 and RPD=1.93 for TOCWB, R2=0.80, RMSE=2.87 and 

RPD=2.03 for OCCNS, R2=0.90, RMSE=0.02 and RPD=3.05 for HC, and R2=0.68, RMSE=0.96 

and RPD=1.51 for LOI. The inorganic C fractions (ICCNS and CaCO3) as well as total C 

(TCCNS), were optimally predicted in validation by the combination of second derivative 

transformation and SVM regression, with performances of R2=0.58, RMSE=4.90 and 
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RPD=1.11 for ICCNS, R2=0.89, RMSE=2.17 and RPD=2.52 for CaCO3, and R2=0.83, 

RMSE=0.31 and RPD=1.90 for TCCNS. Analysis of variable important in projection (VIP) 

allowed evaluating which wavelengths contributed most to the prediction of the various soil C 

fractions, suggesting a considerable effort from Vis spectral range for prediction of organic C 

forms. With an opposite trend, SWIR spectral range was the most important in prediction of 

inorganic C forms, for which the VIP has achieved values between 5 and 6 for CaCO3 and ICCNS 

fractions for the several bands around 2300-2500 nm. 

Lastly, in order to assess the soil C pools from field to farm scale, the integration with Vis-

NIR spectroscopy and satellite Sentinel-2 data was proposed as validation in predictive models. 

Sentinel-2 spectra of bare soil, downloaded by Copernicus Open Access Hub, were used as 

external validation in previous Vis-NIR calibration models for the prediction of soil C pools in 

points where values were unknown. Results of validations suggested that predictions of soil 

organic and inorganic C fractions have been subjected to a considerable estimation error in 

terms of percentage of the explained X total variance (Sentinel-2 spectra wavelengths), with a 

values of about 20% for organic C and 50% for inorganic C, indicated an increased sensibility 

when inorganic C fractions were considered. Causes of this low estimation accuracy could be 

found in the differences between the bench Vis-NIR spectral signatures and those downloaded 

from Sentinel-2, continuously affected by heterogeneity in soil surface, as moisture and 

roughness. On the other and, application of remote sensing data is particularly hampered when 

working in study areas where the principles of conservation agriculture (permanent soil cover) 

are applied, due to the lack of bare soil points. On the contrary, using of soil laboratory analysis 

coupled with Vis-NIR spectroscopy and satellite data could be very useful with a precision 

agriculture approach. Anyway, the predicted soil C pools were highly correlated to one each 

other, proving that Sentinel-2 could be a powerful tool capable of recognizing and 

differentiating the various soil C pools, especially those most exposed to the risk of degradation 

and erosion. 
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Appendix A 

Statistics details of measured soil carbon pools 

 

 

 

The histogram plots of the measured organic and inorganic carbon fractions for the study 

areas are shown below. The main statistics are displayed. 

 

 
Figure A.1   Histogram plot of total C (TCCNS) soil parameter, by CNS analyzer. 
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Figure A.2   Histogram plot of organic C (OCCNS) soil parameter, by CNS analyzer. 

 

 
Figure A.3   Histogram plot of inorganic C (ICCNS) soil parameter, as TCCNS – OCCNS by CNS analyzer. 
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Figure A.4   Histogram plot of total organic C (TOCWB) soil parameter, by wet oxidation method. 

 

 
Figure A.5   Histogram plot of water-extracted organic C (HC) soil parameter, by wet oxidation method. 
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Figure A.6   Histogram plot of loss on ignition (LOI) soil parameter, by dry combustion method. 

 

 
Figure A.7   Histogram plot of total calcium carbonate content (CaCO3) soil parameter, by HCl 

treatment. 
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