
 

1.0 Introduction 

Infrared spectroscopy has been commercially available since the 1940’s. The 

technology has steadily evolved with the introduction of new methods and 

instrumentation using the infrared spectrum range into a recognised technique to 

characterise various forms of material (e.g. petroleum products, purity of foodstuffs, 

pharmaceutical products) (Stuart 1996). There has been a gradual introduction of 

infrared spectroscopy to the field of soil science since the 1950’s and 60’s beginning 

with the use of the dispersive spectrometer in the collection of transmission spectra 

for the analysis of soil organic matter and the analysis of production minerals. These 

initial investigations continued with the use of the Fourier-transform infrared (FT-IR) 

spectrometer in the collection of transmission and diffuse reflectance spectra for the 

analysis of soil properties. The gradual increase in the use of diffuse reflectance for 

the analysis of soil properties in the visible near-infrared region (wavenumbers 

25000 - 4167 cm-1) and mid-infrared region (wavenumbers 4000 – 700 cm-1) was 

assisted by the accuracy and speed of the FT-IR spectrometer and advances in the 

use of chemometric multivariate calibration techniques (Janik 1998; Viscarra Rossel 

et al. 2008). 

 

A large part of the early research and development of mid-infrared diffuse 

reflectance infrared Fourier-transform (DRIFT) spectroscopy for the analysis of soil 

properties was undertaken by the Australian, Commonwealth Scientific and Industrial 

Research Organisation (CSIRO), Division of Soils, in the 1990’s (Nguyen et al. 1991; 

Janik et al. 1995; Janik and Skjemstad 1995). It was shown to be a cost effective 

alternative to conventional laboratory soil analysis (Janik and Keeling 1996; Merry 

and Janik 1997; Janik 1998) and had the potential for widespread adoption of the 

technology with more than 200000 soil samples analysed commercially within 

Australia each year (Merry and Janik 2001). Scientists from CSIRO have developed 

mid-infrared DRIFT spectroscopy to a credited standard in measuring most major 

chemical and some physical soil properties for the benefit of industry and other 

research organisations (Forrester et al. 2003) and as a service available to the 

general public (www.cls.csiro.au/services/mir).  
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Mid-infrared DRIFT spectroscopy has, in turn, been shown by other research 

organisations to have a greater accuracy of analysis than visible near-infrared DRIFT 

spectroscopy and in many instances comparable to that of conventional soil analysis 

for a number of soil properties, in particular TOC (Reeves, et al. 2001; McCarty, et 

al. 2002; Reeves et al. 2002; Bertrand et al. 2002; Pirie et al. 2005; McCarty and 

Reeves 2006; Mardari et al. 2006; Viscarra Rossel et al. 2006; Viscarra Rossel et al. 

2008; Du and Jianmin 2009; D’Acqui et al. 2010; Reeves 2010; Grinand et al. 2012). 

Mid-infrared DRIFT spectroscopy has also been shown to be successful in the 

analysis of soil organic carbon fractions (Janik et al. 2007; Zimmermann et al. 2007; 

Bornemann et al. 2008). Some researchers (van Groenigen et al. 2003) have 

questioned the usefulness of mid-infrared DRIFT spectroscopy as they found the 

accuracy of the models in the prediction of the soil properties, by partial least 

squares regression (PLSR), to have a low predictive power and in the case of total 

carbon no predictive capacity. However, such research findings are limited. 

 

Mid-infrared DRIFT spectroscopy has been successfully applied to new areas, such 

as the assessment of environmental pollution, as shown by the in-situ screening of 

total petroleum hydrocarbon (TPH) contamination in soils using a hand held infrared 

spectrometer device RemScanTM (www.ziltek.com.au). The device allows the user to 

make quick decisions on the clean-up of contaminated sites, reducing costs and 

risks to the environment. Mid-infrared DRIFT spectroscopy has also been used to 

measure the influence of soil organic matter on the sorption behaviour of petroleum 

hydrocarbons (i.e. pentadecane) (Ehlers et al. 2010) and the prediction of pesticides 

atrazine and diuron sorption in soils (Kookana et al. 2008; Forouzangohar et al. 

2009) as well as in the development of diagnostic screening tests for heavy metals 

and polycyclic aromatic hydrocarbons (PAH) in the soil (Bray et al. 2009).  

 

In a recent review, Bellon-Maurel and McBratney (2011) reported that visible near-

infrared and mid-infrared spectroscopy for soil analysis has become a booming 

research area with exponential growth in the past 10 years. There have been more 

than 210 publications produced in the past 15 years, almost 50% of them published 

in the last 3 years, with a significant proportion of the publications investigating the 

use of infrared spectroscopy to measure carbon in the soil from the perspective of 

offsetting greenhouse gas emissions. The CSIRO has recently completed a Soil 
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Carbon Research Program (SCaRP) in an effort to provide the first nationally 

consistent baseline of soil carbon under different agricultural management practices 

from across Australia. The collection of 20000 soil samples from over 3500 locations 

has been used with mid-infrared DRIFT spectroscopy and PLS analysis for the 

development of a national calibration model for the prediction of TOC and its 

allocation to soil organic carbon fractions (Sanderman et al. 2011). It is envisaged 

that the national calibration model will be used in the Australian government’s 

Carbon Farming Initiative (CFI) for the development of a methodology to measure 

sequestered carbon in the soil from which calculations can be made on landholder 

generated non-Kyoto Australian Carbon Credit Units (ACCUs). The non-Kyoto 

ACCUs are those credits that do not count towards Australia’s Kyoto Protocol targets 

in reducing greenhouse gas emissions. They will be purchased by the Australian 

government and voluntarily by businesses under the National Carbon Offset 

Standard (NCOS) (www.cleanenergyfuture.gov.au). 

 

The SCaRP program however, only provides a broad representation of soil organic 

carbon and there is a need for specific calibration models representing individual 

States and regions to be used in the prediction of TOC. This thesis is aimed at 

developing the basis of a State-wide calibration model for NSW by examining 8 

SMUs from a State-wide Land and Soil Condition Monitoring, Evaluation and 

Reporting (MER) program. The MER program was designed and implemented by 

the Department of Environment and Climate Change (DECC), which is now the 

Office of Environment and Heritage (OEH), for the collection of baseline information 

on soil condition for the assessment of changes in natural resource management 

and progress toward State land and soil targets. The program involved a network of 

95 SMUs and the collection of 32000 soil samples for analysis of soil properties 

indicative of soil condition.  

 

A State-wide calibration model for NSW would provide OEH with a cost effective 

alternative for the analysis of soil TOC, as well as other soil properties and 

potentially a specialised service to those customers who require a large amount of 

inexpensive soil information in order to make rapid and effective land management 

decisions. 
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2.0 Review of Literature 

2.1 Infrared spectroscopy  

Infrared spectroscopy is the study of the interaction of infrared light with matter and 

the measurement obtained is the infrared spectrum, which is a plot of infrared 

radiation intensity versus wavenumber of light (Smith 1999). Wavenumbers are the 

units normally used in infrared spectroscopy and is defined as the reciprocal of 

wavelength. Wavelength is the distance between adjacent crests or troughs. If 

wavelength is measured in cm then wavenumber is a measured in cm-1 and is a 

measure of the number of crests or troughs there per centimetre (Smith 1996). The 

infrared spectral range covers the wavenumbers 10 to 10000 cm-1 and is sub-divided 

into three regions: i) the far infrared (< 400 cm-1), ii) mid-infrared (4000 – 400 cm-1) 

and iii) near infrared (10000 – 4000 cm-1). The majority of applications of vibrational 

spectroscopy are in the mid-infrared spectral region (4000 – 400 cm-1) (Johnston and 

Aochi 1996). The most common type of infrared spectrometer is the FT-IR 

spectrometer which has largely replaced the older dispersive infrared spectrometer 

(Smith 1996).  

 

2.2 Dispersive and FT-IR spectrometers  

Dispersive spectrometers have been available since the 1940’s, starting with the use 

of prisms made of materials such as sodium chloride, before the introduction of 

diffraction gratings in the mid 1950’s (Stuart 1996). Light from an infrared source 

passes through the sample, and then passes through a slit into a monochromator. 

The monochromator contains optics which focus the light onto a grating or prism to 

disperse the light into a spectrum of its component wavenumbers. A slit is used to 

select a narrow “slice” of wavenumbers to strike the detector. The use of the slit 

allows only a small amount of the total available light energy to strike the detector at 

any given time. The grating or prism is rotated so that different wavenumber slices 

pass through the slit and are sampled by the detector. A relationship between 

intensity and wavenumber is created to produce an infrared spectrum. The older 

style dispersive spectrometers were double-beam allowing both environmental and 

instrumental contributions to be compensated in real time during the measurement of 

an infrared spectrum, removing artefacts such as carbon dioxide and water vapour 

peaks (Smith 1996). 
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Fourier-transform infrared spectrometer involves the use of an interferometer. The 

most common interferometer used is the Michelson interferometer which consists of 

four arms. The first arm contains a source of infrared light, the second arm contains 

a stationary (fixed) mirror, the third arm contains a moving mirror, and the fourth arm 

is open. At the intersection of the four arms is a beamsplitter (Smith 1996). Light 

from the infrared source is passed onto the beam splitter, where approximately half 

of the incident light is reflected onto a moving mirror, and the remainder is 

transmitted through the beamsplitter onto a fixed mirror. The moving mirror 

introduces a phase difference between the reflected and transmitted beams by 

varying the pathlength of one beam relative to the other. Optical interference occurs 

when the two beams recombine at the beamsplitter and the resulting infrared beam 

is passed through the sample and onto the detector (Johnston and Aochi 1996). The 

optical interference may be either constructive or destructive or a combination of 

these causing the light beam intensity to vary between very bright and very weak. 

The optical recombination of the two beams results in a complex optical signal called 

an interferogram, which is then Fourier transformed to provide a spectrum (Smith 

1996). 

 

The capabilities of the FT-IR spectrometer have been increase with the development 

of an attachment that allows the collection of diffuse reflectance spectra a process 

known as diffuse reflectance infrared Fourier transform (DRIFT) spectroscopy. The 

attachment consists of flat mirrors that direct incoming radiation onto a spherical or 

ellipsoidal focusing mirror. The infrared radiation is focused on a powdered, diluted 

sample or an undiluted ‘neat’ sample, which is then diffusely reflected into a 360 

degree circle. The reflected radiation, consisting of light that is scattered, absorbed, 

transmitted, and reflected by the sample, is collected and directed onto the detector 

for transformation into a spectrum (Smith 1996). 

 

The FT-IR spectrometer has greater sensitivity and speed than the dispersive 

spectrometer. The greater sensitivity of FT-IR spectrometer results from the 

relatively high signal to noise ratio (SNR). The FT-IR spectrometer has a higher SNR 

than the dispersive spectrometer because of the multiplex (or Fellgett) advantage 

and Jacquinot (or throughput) advantage. The multiplex advantage is the capacity for 

all wavenumbers of light to be detected at the same time, unlike the dispersive 
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spectrometer which involves a collection of individual wavenumbers. The multiplex 

measurements, rather than direct measurements, provide a larger recording of signal 

and less of noise to give a higher SNR (Smith 1996). The Jacquinot advantage of the 

FT-IR spectrometer allows all infrared radiation through the sample to strike the 

detector. Unlike the dispersive spectrometer there are no slits to restrict the 

wavenumber range and reduce the intensity of infrared radiation hitting the detector. 

This translates to a larger recording of signal and less of noise to give improved SNR 

(Smith 1996). The FT-IR spectrometer has a speed advantage, whereby the mirror is 

able to move short distances quickly allowing the collection of spectra on a 

millisecond scale. The FT-IR spectrometer uses a laser to control the velocity of the 

moving mirror and to time the collection of data points throughout the mirror stroke 

length for each scan. This maintains high precision and accuracy of wavelength 

positions (Stuart 1996).  

 

Smith (1996; 1999) pointed out some of the disadvantages of the FT-IR 

spectrometer. For example, the technology relies on the presence of chemical bonds 

in the material for the absorption of infrared radiation and is therefore not suited to 

certain compounds where they are either single atomic entities with no chemical 

bonds (i.e. atoms and monatomic ions) or mononuclear diatomic molecules which 

are molecules consisting of two identical atoms, such as N=N and O=O. Infrared 

spectroscopy provides best results on pure substances whereas mixtures give 

complex spectra and make it more difficult to assign infrared bands to specific 

molecules. Stuart (1996) also pointed to the inability of the FT-IR spectrometer to 

compensate for environmental and instrumental contributions (i.e. background 

spectrum) during the measurement of an infrared spectrum of a sample. If something 

in the instrument or the environment changes between when the sample and 

background spectra are obtained, spectral artefacts can appear in the sample 

spectrum. Common artefacts include carbon dioxide and water peaks.  

 

2.3 Sample preparation of solid material 

The sample preparation of solid material for the collection of transmission spectra 

involves grinding the material into powder and mixing with ground potassium 

bromide (KBr) salt. The sample is normally diluted to about 1% using KBr. Potassium 

bromide is an inert infrared transparent material used to support and dilute the 
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sample so that the appropriate amount of light can pass through the sample. The 

sample and KBr mixture is placed in a dye or press and compressed to produce a 

transparent pellet (Smith 1996).  

 

Sample preparation for the collection of diffuse reflectance spectra also involves 

grinding the material into powder and diluting with 1-10% of ground KBr before being 

placed into a sample cup. The sample cup is filled to the top and excess removed 

with the edge of a spatula. It is recommended that the sample cup not be tapped to 

settle the powder as this will change the distribution of the particles and the intensity 

of diffusely reflected light. In reflectance sampling, typical depths of penetration are 1 

to 10 microns, meaning the sample’s surface provides the largest contribution to the 

spectrum. Alternatively, the sample is not diluted but is simply placed in the sample 

cup, called a ‘neat’ sample (Smith 1996). 

 

Transmission sampling is still the most popular technique for obtaining infrared 

spectra of solids, however, the time advantage and ease of use of reflectance 

sampling is making this type of analysis more popular (Smith 1996). 

  

2.4 Absorption of infrared radiation 

Infrared spectroscopy may also be referred to as vibrational spectroscopy as it relies 

on the vibration of the atoms of a molecule or crystal to absorb infrared radiation. 

Molecular vibrations occur as identifiable energies in the infrared region of the 

electromagnetic spectrum and are referred to as vibrational modes or as normal 

modes of vibration. These modes can be divided into two categories, internal 

vibrational and photon modes. Internal vibrational modes correspond to the periodic 

motion of atoms within a molecule or crystal. They are described by three types of 

motion: (i) bond stretching (i.e. symmetric and asymmetric), (ii) bending (i.e. 

scissoring, rocking, wagging and twisting), and (iii) torsion motions and are normally 

found in the mid-infrared region. The photon mode relates to crystalline material and 

the vibrational transitions in the far infrared region (Johnson and Aochi 1996). 

 

The total number of normal modes for a molecule can be calculated using the normal 

mode formula for linear and nonlinear molecules, to give the total number of 

vibrations that a molecule possesses. A linear 3 atom molecule such as CO2 
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(0=C=0) has 4 normal modes which include a symmetric stretch, an asymmetric 

stretch and two bending vibrations. Water which is a nonlinear molecule has 3 

normal modes which include a symmetric stretch, an asymmetric stretch and one 

bending vibration (Smith 1999).  

 

Two criteria need to be met for infrared absorption to work successfully. The first 

criterion for infrared absorption by a molecule is that there must be a change in 

dipole moment (i.e. measure of the charge asymmetry of a molecule) as a result of 

the vibration that occurs when infrared radiation is absorbed. For example, when the 

polarity of the electric vector is positive and encounters the positive end of an H-Cl 

molecule, it will repel the partial positive charge on the hydrogen atoms causing the 

H-Cl bond to shorten. Once the polarity of the electric vector changes to negative, it 

will attract the hydrogen atoms, causing the H-Cl bond to lengthen. As the polarity of 

the electric vector changes over from positive to negative, the molecule will start to 

vibrate at the same frequency as the electric vector resulting in infrared absorption.  

 

Molecules that do not have a dipole moment are still able to interact with infrared 

radiation. For example, the bond dipole moments in CO2 are equal in magnitude but 

point in opposite directions to give no net dipole moment. When the electric vector is 

introduced it attracts some of the molecule’s electrons toward the end of the 

molecule, making a charge distribution of the molecule asymmetric and creating a 

dipole moment. This is called induced dipole moment as the electric vector induces 

the dipole to form. The moment polarity of the electric vector changes to negative, 

some of the electrons of the molecule are repelled and will move toward the opposite 

end of the molecule. This results in an induced dipole moment opposite in direction 

to that previously induced. In the moving of electrons to either end of the CO2 

molecule, by the alternative polarity of the electric vector, induces dipoles with which 

the infrared radiation can interact. The molecule vibrates at the same frequency as 

the electric vector resulting in infrared absorption (Smith 1999).  

 

The second criterion for infrared absorption by a molecule is that the energy of the 

light shining on a molecule must equal a vibrational energy level difference within the 

molecule. Typically a molecule will reside at a ground vibrational state v=0 at its 

equilibrium bond distance. The next highest vibrational energy level is v=1, and 
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represents the first excited vibrational state of the molecule. For example, the OH 

molecule of water has an energy difference between v=0 and v=1 of approximately 

3500 cm-1. This means for the molecule to absorb photons and be promoted to the 

v=1 level, the photons must equal a vibrational energy difference level of 3500 cm-1 

(Smith 1999).  

 

The vast majority of molecules have vibrations for which the v=1 level is 4000 to 400 

cm-1 in energy higher than the v=0 level, and therefore have infrared bands between 

4000 to 400 cm-1. The wavenumber positions of mid-infrared bands also correlate 

well with molecular structure which is why mid-infrared spectroscopy is useful in the 

identification of molecules (Smith 1999). 

 

2.5 Spectral interpretation with functional groups 

Spectral interpretation can be undertaken with the use of group frequencies. Group 

frequencies are defined as characteristic vibrational frequencies associated with 

certain sub-molecular groups of atoms also called functional groups (Johnston and 

Aochi 1996). Absorption of infrared radiation for particular functional groups occurs 

within definite wavenumbers but can equally be associated with more than one 

absorption band. When two or more functional groups absorb in the same region 

they can normally be separated from one another by looking at other characteristic 

infrared bands that are not in overlapping regions. In the process of spectral 

interpretation, the peak position is used in the identification of functional groups and 

often in conjunction with characteristic peak intensities and peak widths (Smith 

1999).  

 

Functional groups are often identified with the help of spectral interpretation aids, 

particularly where the interpretation of a spectrum is difficult because absorption 

bands of different functional groups are overlapping, or are noisy and poorly 

resolved. Some available aids specific to the area of soil science include, collections 

of spectra in published atlases (e.g. Van der Marel and Beutelspacher 1976), 

infrared spectrometry guidelines (e.g. Russel 1987) and correlation tables. Baes and 

Bloom (1989) provided a correlation table for functional groups of organic soil 

constituents (i.e. peat humic and fulvic acids) for both mid-infrared transmission FT-

IR spectroscopy with pellets and mid-infrared DRIFT spectroscopy using KBr 
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dilution. The table provided small, but important differences in the location of 

absorption bands for the various functional groups using the different sample 

preparations. Stevenson (1994) documented the main mid-infrared DRIFT 

spectroscopy absorbance bands of humic substances and their modes of vibrations, 

using KBr dilution. Wander and Traina (1996) compiled a comprehensive mid-

infrared DRIFT spectroscopy correlation table, which includes the assignment and 

occurrence of physical and chemical organic matter fractions and contaminating 

clays. Other forms include, software programs provided by manufacturers of infrared 

equipment (e.g. Nicolet and Perkin Elmer) and dedicated internet sites (e.g. Sadtler 

Research Laboratories Internet Spectral Library) which cover a wide range of 

compounds (Socrates 2001).  

 

The knowledge of the soil sample preparation is important in the interpretation of a 

spectrum as this can affect the absorption bands or peaks of different functional 

groups. For example, the spectra for ‘neat’ soil samples (i.e. undiluted) obtained 

using mid-infrared DRIFT spectroscopy behaves differently to diluted samples, in 

that they are highly distorted by specular reflectance effects caused by surface 

reflection of soil particles. There can also be occurrences of highly distorted spectra, 

where the refractive index changes a considerable amount across the width of the 

absorption bands causing the bands to become inverted, known as Reststrahlen 

(Nguyen et al. 1991).  

 

2.6 Chemometrics and multivariate calibration 

The term ‘chemometrics’ was first used to describe the growing use of mathematical 

models, statistical principals, and other logic based methods in the field of analytical 

chemistry. It is an interdisciplinary field that involves multivariate statistics, 

mathematical modelling, computer science and analytical chemistry (Gemperline 

2006). Spectrometry utilises chemometrics to provide multivariate calibration for 

quantitative spectral analysis. It is suited to understanding the responses of spectra 

of an analyte concentration together with other interacting chemical or physical 

variables (Beebe et al. 1998).  
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Some of advantages in the use of multivariate over univariate calibration in 

spectrometry are: (i) the ability to analyse for multiple components simultaneously, 

(ii) multivariate signal averaging which provides improved precision in prediction and 

(iii) allows the analyst to detect the presence of any interferent (Beebe et al. 1998). 

The chemometric multivariate calibration techniques used for quantitative spectral 

analyses are the multiple linear regression techniques; Classical Least Squares 

(CLS), Inverse Least Squares (ILS) and factor-based techniques; Principal 

Component Analysis (PCA), Principal Component Regression (PCR) and Partial 

Least Squares (PLS) (Kramer 1998). These techniques all have individual 

advantages and disadvantages for chemical analysis. Thomas and Harland (1990) 

explained that the performance of each multivariate calibration method is affected by 

various factors that are part of any dataset (i.e. spectral noise, spectral overlap, 

number of samples or intensities in the calibration) and which prevent any single 

method having the best results for all situations. It is critical that the most appropriate 

calibration method be used for a particular dataset.  

 

2.6.1 Classical least squares 

Classical Least Squares is also referred to as the K matrix calibration and it assumes 

the Beer-Lambert Law model with the absorbance at each frequency being 

proportional to the component concentration and model error is presumed to be from 

error in spectral absorbance (Haaland and Thomas 1988). Classical Least Squares 

is used when all analytes are known and pure spectra can be obtained from the 

components. This calibration method is suited to a system with few major 

components, few factors that affect the instrument’s response other than the 

concentration of the analytes of interest and no significant interferences. It must also 

be possible to represent a mixture of spectra as a combination of pure spectra 

(Beebe et al. 1998) 

 

 In matrix notation, Beer’s law model for m calibration standards containing l 

chemical components with spectra of n absorbances is given by, 

 

A = CK + EA 
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where: 

A is the m x n matrix of calibration spectra, 

C is the m x I matrix of component concentration, 

K is the l x n matrix of absorptivity path length products, and  

EA is the m x n matrix of spectral errors or residuals not fit by the model 

 

The calibration method uses the full spectrum to perform quantitative spectral 

analysis, providing greater precision than methods that use a small number of 

frequencies (i.e. Inverse Least Squares). There is the benefit of signal averaging 

when many or all the spectral intensities are included in the analysis, allows 

simultaneous fitting of spectral base lines, and makes available for examination and 

interpretation, least squares estimated pure-component spectra and full spectrum 

residuals (Haaland and Thomas 1988).  

 

2.6.2 Inverse least squares 

Inverse Least Squares is also referred to as the P-matrix calibration and it assumes 

the inverse of the Beer-Lambert Law model with component concentration as a 

function of absorbance and model error is presumed to be from error in the 

component concentration (Haaland and Thomas 1988). This calibration method is 

simple compared to full spectrum methods because it does not add variables whose 

variability is described by previously entered variables, or that are not linearly related 

to the analyte of interest (Beebe et al. 1998).  

 

In matrix notation, the inverse Beer’s law model for m calibration standards 

containing l chemical components with spectra of n absorbances is given by, 

 

C = AP + EC 

where: 

C is the m x I matrix of component concentration, 

A is the m x n matrix of calibration spectra, 

P is the n x l matrix of unknown calibration coefficients relating to l component 

concentration to the spectral intensities, and 

EC is the m x l vector of random concentration errors or residuals that are not fit by 

the model (Haaland and Thomas 1988).  
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Inverse Least Squares is able to perform quantitative spectral analysis even if the 

concentration of only one component is known in the calibration mixtures. However, 

components not included in the analysis must be present and implicitly modelled 

during calibration. The calibration method is restricted to a small number of 

frequencies as the number of frequencies cannot exceed the number of calibration 

mixtures used in the analysis. If the number of frequencies becomes too large, 

collinearity problems (i.e. near linear relationships between absorbances at multiple 

frequencies for the calibration mixtures), can become significant and cause a 

reduction in the accuracy of results. Determining the number and which frequency to 

include in the analysis is not easy for complex mixtures. If an unsatisfactory selection 

is made it can result in poor base-line modelling, noise inflation, and overfitting (i.e. 

modelling of noise and errors in the calibration data) (Haaland and Thomas 1988). 

 

2.6.3 Principal component analysis and partial least squares 

Principal Component Analysis and PLS factor the spectral data calibration matrix into 

the product of two smaller matrices, a step called data compression, where the 

intensities at all frequencies used in the analysis are compressed to a small number 

of intensities, in a new full spectrum coordinate system. This new coordinate system 

consists of loading vectors that can be used to represent the original spectral data 

and the intensities, also referred to as scores, which is used in a model where 

concentration is considered to be a linear function of these intensities. Therefore, 

PCR and PLS both model the spectra and concentration during calibration. Principal 

Component Regression performs the factoring of the spectral data matrix without 

using information about concentration. Whereas, PLS performs spectral factoring 

trying to account for the spectral variation while assuring that the new basis vectors 

relate to the calibration concentration (Thomas and Haaland 1990). 

 

In matrix notation the calibration spectra for PCR or PLS can be represented by,  

 

A = TB + EA 

where: 

A is the m x n matrix of the calibration spectra,  

T is the m x h matrix of intensities or scores in the new coordinate system of the h 

loading vectors for the m sample spectra and 
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B is the h x n matrix with the rows being the new basis set of h full spectrum vectors 

called loading vectors (Haaland and Thomas 1988). 

 

Principal Component Regression and PLS are the most widely used for quantitative 

spectral analysis. They have the full spectrum advantages of the CLS with the added 

benefit of the ILS in being able to analyse one chemical component at a time, without 

the difficulties of frequency selection (Haaland and Thomas 1988). This ability 

provides the benefit of multivariate signal averaging and the detection of unusual 

samples (i.e. outliers) (Beebe et al.1998).  

 

2.6.4 Selection of partial least squares  

Haaland and Thomas (1988b; 1990) carried out a series of quantitative spectral 

analysis experiments comparing the accuracy of prediction using factor-based 

techniques; PCR and PLSR and multiple linear regression techniques; CLS and ILS 

in the application of spectroscopy. The initial study showed that PLSR and PCR 

provided a better overall level of accuracy in predicting the concentration of the 

targeted components (i.e. B2O3 and OH) of silicate glass than CLS. As a continuation 

of these investigations a much larger dataset of spectra was created, using a series 

of structured Monte Carlo computer simulations to compare the multivariate methods 

of PCR, PLS, ILS and CLS for quantitative spectral analysis. The statistical 

significance of each method was determined for the purpose of identifying the 

optimum calibration for prediction of analyte concentration. The results showed that 

the full spectrum methods CLS, PCR and PLS were never worse and usually 

significantly better than the use of ILS for major or minor spectral components 

relating to effects of specific factors on prediction performance. Principal Component 

Regression and PLS were shown to be the superior full spectrum methods and were 

very similar in performance.  
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2.7 Application of partial least squares  

There are numerous mathematical descriptions of PLS. Some of the more important 

review papers (Lindberg and Persson 1983; Naes and Martens 1985; Geladi and 

Kowalski 1986; and Wold, Sjostrom and Eriksson 2001) and chemometric 

publications (Martens et al. 1983; Wold et al. 1984; Martens and Martens 1986; 

Martens and Naes 1993; Beebe et al. 1998; Kramer 1998; Naes et. al. 2002; 

Gemperline 2006; Kalivas and Gemperline 2006) provide a detailed description of 

PLS and its application in spectroscopy.  

 

2.7.1 Partial least squares for calibration and prediction 

The mathematical explanation of the Haaland and Thomas (1988) PLS-1 multivariate 

calibration technique has been provided here with some minor notational 

modifications for clarity. This calibration technique is often used in chemometric 

software such as PLSplus/IQ V8 (Galactic) and GRAMS/AI Version 9R2 (Thermo 

Scientific) to build calibration models for the prediction of soil properties, including 

TOC.  

 

The aim of the PLS is to give a reliable predictor ŷ  of the observed response 

variable y (i.e. total organic carbon) with the use of a functional relationship )(ˆ Xfy = . 

Instead of trying to use the full matrix of explanatory variables (i.e. infrared light 

absorbance) ),...,,,(
321 nxxxxX =  where n may be 1000’s, the size of X is reduced by 

summarising X onto a few latent factors T (i.e. mineral and organic components 

responsible for the changes in the infrared light absorbance), in the form 

)ˆ,...,ˆ,ˆ(ˆ
21 htttT =  where h < n and is ideally less than 10. In the process X is partitioned 

using weights W such that WXT ˆˆ = so we can eventually fit )ˆ(ˆ Tfy = .  

 

If y and X denote the vector and matrix representation of the dependent and 

independent variables respectively, the aim of PLS is to fit a bilinear model having 

the form: 

y = Tv + ey 

and X = TB + Ex  subject to the partitioning of X as T = XW. 
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 where: 

• X is the m x n matrix of calibration spectra, with m samples with n 

absorbances,  

• y is the m x 1 vector of the analyte concentration, 

• W is an n x h matrix of weighting coefficient whose columns define the PLS 

latent factors T as linear combinations of the independent variables in X, 

• T is an m x h matrix of intensities or scores in the new coordinate system, 

• B is an h x n matrix with the rows being the new basis set of h full spectrum 

vectors called loading vectors, 

• Ex is the m x n matrix of spectral errors or residuals that do not fit the optimal 

PLS model, 

• v is the r x 1 vector of regression coefficients, and  

• ey is the m x 1 vector of residuals from the analyte concentration that do not fit 

the optimum PLS model.  

 

The use of PLS for the calibration of spectral data and analyte data is a process 

where 6 steps are completed and restarted which calculates the B and T matrices 

one vector at a time until the desired optimum model has been obtained.  

 

Step 1. Involves the pre-treatment of the data with the mean centring of both X and y 

variables. Set h to 1 for the deriving the first factor loadings and scores. 

 

Step 2. Calculate the first weight loading vector, 
1ŵ  which is the first column vector of 

W. The process is conducted one vector at a time with successive loops of the PLS, 

for the columns of W.  

X(m,n)

W(n,h)

w1
^

=T(m,h)

t1
^
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The initial calculation is intended to solve for the first weight vector using 

yyyXw ′′= /ˆ
1

 

w1
^

=
X'(n,m)

y /
yy'

(n,1)

(m,1) (m,1)

(1,m)

 

 

Finish the step by normalising 
1ŵ  (i.e. bring to unit length) using 

111
ˆ/ˆˆ www =  meaning 

the elements of 
1ŵ  is divided by the scalar quantity sqrt {w1

2 + w2
2 + w3

2 + w4
2 + … + 

wn
2}. 

 

w1
^

=

(n,1)

w1
^

(n,1)

/ sqrt(

(n,1)

w1
^w1'

^

)

(1,n)

 

 

Step 3. Calculate the first score vector 1̂t  using 1111
ˆˆ/ˆˆ wwwXt ′= , which is equal to 

11
ˆˆ wXt = , since we made 1ˆˆ

11 =′ww  from the previous step. 

X(m,n)=

w1
^

(n,1)

t1
^

/

(n,1)

w1
^w1'

^

(1,n)

(m,1)
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Step 4. Calculate the first regression coefficient 1̂v  by regressing the score vector 1̂t  

against the y analyte concentrations 
1111
ˆˆ/ˆˆ ttytv ′′= . 

=

t1
^

(1,1)

y /
(m,1) (m,1)

(1,m)
t1'
^

(1,m) t1'
^v1

^

 

 

Step 5. The formation of 1b̂ , the first PLS loading vector for X using  1111
ˆˆ/ˆˆ tttXb ′′= . The 

first PLS loading vector 
1b̂  represents an attempt to account for as much variation in 

X while simultaneously correlating with 
1̂t  which approximates y. Frequencies 

associated with the largest positive elements in 
1b̂  tend to indicate those frequencies 

which give the greatest dependence on analyte concentration for that particular 

loading vector.  

X(m,n)=
X'(n,m)

t1
^

(m,1)

/

t1
^

(m,1)

(1,m)t1'
^

(n,1)

b1
^

 

 

Step 6. The calculation of the residual matrix Ex (for X) and residual vector ey (for y)  

 Spectral residuals 
11
ˆˆbtXEX
′−=  

 Concentration residuals 
11
ˆˆ tvyey −=  

 

The product of the scores 
1̂t  and the loading vector 

1b̂  is the first approximation to the 

calibration spectra X. In order for the next cycle of the algorithm to account for 

unexplained information in the data, we need to remove that part of the spectrum 

and that part of the analyte concentration already modelled by the first cycle.  
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X(m,n)=

t1
^

(m,1)

E
X(m,n)

(1,n)

-

b1'
^

e
y

(m,1)

=
y

(m,1)

- (1,1)

v1
^

t1
^

(m,1)  

Step 7. Increment h to h +1 so that we can derive the subsequent vector of weights, 

loading and scores. If necessary substitute Ex for X and ey for y and restart the loop 

back at Step 2. 

 

At the end of Step 6 it is important to stop the h cycle and assess the goodness of fit 

of the model. The aim is to select r (< h) where the minimum number of loading 

vectors 
rb̂  allows the optimum amount of modelling without over fitting the analyte 

data.  

 

The cross validation (leave-one-out) technique is used to determine the optimum 

number of loading vectors. The cross validation technique involves the successive 

omission of 1 of the m soil samples followed by the calculations of Steps 2-6. Based 

on the smaller number of m -1 data values, a new calibration formula is computed 

and used to predict the analyte concentration ŷ i of the ith sample, left out during 

calibration by using its observed spectra as input X data. 

 

The process is repeated m times until each individual sample has been left out once. 

The predicted concentration ŷ i of the analyte for sample i is then compared and 

subtracted from the observed concentration yi  for its respective sample (ei = ŷ i – y) 

to provide a vector of m prediction errors or differences. The sum of the squared 

concentration prediction errors (i.e. e’yey) for all calibration samples gives a scalar 

value called the predicted residual error sums of squares (PRESS). In subsequent 

loops of the PLS algorithm, a new PRESS is calculated in the same manner, each 

time a new factor is added to the model until the required number of factors r yields a 

minimum PRESS.  
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The use of PLS for the prediction of unknown concentration analyte newŷ  using the 

mid-infrared derived spectrum vector newx  can be determined using two methods. 

Haaland and Thomas (1988) preferred method involves a series of steps to predict 

newŷ .  

 

Step 1. Pre-treat the new sample spectrum vector newx  with mean centring using the 

same vector of means that was used to centre the original X calibration spectra and 

set the h to 1. 

Step 2. Calculate the first score vector 
1̂t  using 

newxwt
11

ˆˆ ′= . 

Step 3. Calculate the first iterative estimate of newŷ , namely 
111
ˆˆˆ tvyy += . 

Step 4. Calculate the first iterative estimate of the spectral error vector 
111
ˆˆˆ tbxe new −= . 

Step 5. Substitute 
1̂e for

newx and increment h to h +1 and repeat from Step 2 until h = r.  

 

2.8 Mid-infrared spectroscopy and soil analysis 

Infrared spectroscopy has traditionally been used for the analysis of materials, in 

solid, liquid or gas states for the purpose of quality assurance of materials, by 

comparing a sample spectrum with that of a known material composition (Stuart 

1996). The application of infrared spectroscopy has gradually expanded with 

advances in the capabilities of the spectrometers and chemometric multivariate 

calibration techniques, supported by rapid and more efficient digital data analysis. It 

is these developments that have allowed mid-infrared DRIFT spectroscopy to be 

applied to soil analysis.  

 

2.8.1 Developments of mid-infrared spectroscopy in soil analysis 

In the early use of mid-infrared spectroscopy the closest application to soil was on 

organic matter and for identifying properties of certain mineral commodities. Some of 

the early applications of mid-infrared spectroscopy on organic matter involved the 

use of dispersive spectrometer and FT-IR spectrometer for the collection of 

transmission spectra in analysis of humic and fulvic acid (Schnitzer 1965; Stevenson 

and Goh 1971; Stevenson and Goh 1974; MacCarthy et al 1975 and Chen et al. 

1978). The introduction of diffuse reflectance to the FT-IR spectrometer to give 
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diffuse reflectance infrared Fourier transform (DRIFT) spectroscopy, brought about a 

more rapid means of sample preparation without compromising accuracy of spectral 

analysis. The research of Baes and Bloom (1989) provided a comparison between 

the DRIFT reflectance spectra of humic and fulvic acids from a peat soil with FT-IR 

transmission spectra and the dispersive infrared spectra from previous studies. The 

outcome from the comparison was that in most spectral regions, reflectance spectra 

were of a high quality and comparable to, if not better than, the transmission spectra 

produced using the FT-IR spectrometer or dispersive spectrometer. Also the peak 

assignments of functional groups for the reflectance spectra were the same as in 

transmission spectra for peat humic and fulvic acids. In a similar study Neimeyer et 

al (1992) compare DRIFT reflectance spectra with published FT-IR transmission 

spectra and dispersive spectra of similar organic materials; humic acids, peat 

samples and composts. The reflectance spectra had a higher level of resolution than 

the transmission and dispersive spectra and could be used to fingerprint organic 

matter acquired from different sources.  

  

 Mid-infrared spectroscopy was introduced to the mineral industries using the FT-IR 

spectrometer to identify properties of commodities such as coal and iron ore. 

Fredericks et al. (1984) subjected the spectra in the wavenumber range of 3100 – 

2800 cm-1 of different bituminous coals to factor analysis to determine the minimum 

number of factors required to describe this part of the spectrum before relating the 

factor loadings of each coal to the measured coal properties using multiple linear 

regression. The study provided high R2 values for the prediction of various coal 

properties using factor analysis. As a continuation in this work, Fredericks et al. 

(1985) made further investigations into the use of factor analysis of FT-IR 

transmission spectra with multiple linear regression of factor loadings against 

measured coal properties, bauxite, manganese dioxide ore and diesel fuel. The 

study proved to be very successful by providing high R2 values for various material 

properties. The correlation equations generated by factor analysis of the spectra 

were applied to unknown samples of coal for the prediction of ash content and 

energy output but with mixed results. The study also made investigations using 

DRIFT reflectance spectra with the correlation coefficients and standard deviations 

were comparable to those of the FT-IR transmission spectra, indicating that the mid-

infrared DRIFT spectroscopy could be used for quality control applications. 
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Quantitative analysis of iron ore using DRIFT reflectance spectra was also 

undertaken by Fredericks and Doolan (1988) using the application of multiple linear 

regression of factor loadings against a number of properties (i.e. iron, aluminium, 

silicon, phosphorus, sulfur and goethite). Their results showed that the predictions of 

the properties for unknown samples were adequate for quality control purposes.  

 

These types of applications of mid-infrared DRIFT spectroscopy provided a pathway 

for soil analysis. 

 

2.8.2 Application of mid-infrared spectroscopy in soil analysis 

Nguyen et al. (1991) were among the first to use mid-infrared spectroscopy to 

compare FT-IR transmission spectra with the DRIFT reflectance spectra for a series 

of soil types which contained a recognisable amount of different soil minerals and 

organic matter. The infrared spectra of soils were compared as KBr pellet, diluted 

KBr DRIFT and neat DRIFT (i.e. undiluted), with high sample concentration providing 

increased information for soil characterisation. The comparison revealed that there 

were several advantages for neat DRIFT over KBr pellet. These included, minimal 

soil preparation, ability to use unprocessed samples, provision of useful overtones 

and combination bands which allow the identification of minerals (i.e. carbonates and 

quartz), a majority of bands visible in a single spectrum requiring no dilution or 

spectral scaling, and bands in the spectrum not affected by ‘inversion’ tend to be 

more prominent. However, at the time there was the disadvantage of not being able 

to provide a linear relationship between the spectral intensity and concentration of 

soil properties for use in quantitative analysis.  

 

The inability to provide a linear relationship between spectral intensity and 

concentration of soil properties was resolved by using a suitable multivariate 

calibration technique. The work was pioneered by Janik et al. (1995) with the 

successful use of PLS analysis to represent and predict a selection of major oxides 

in the soil and was pursued further in a similar study by Janik and Skjemstad (1995) 

but this time making correlations with soil laboratory data. This study further proved 

that when DRIFT reflectance spectra were analysed with PLS it can provide a quick, 

accurate chemometric procedure in the analysis of soil properties (i.e. pH in water 

(1:5), sum of cations Ca 2+, Mg 2+, K + and Na +, carbonate %, N % , clay % and 
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TOC%). However, it was established that the best results in the prediction of soil 

data were achieved when the full concentration range was broken up into two or 

three subsets, with samples from each subset having close mineralogy and spectral 

features.  

 

Subsequent research has shown that mid-infrared DRIFT spectroscopy, with PLS 

analysis can analyse the majority of measurable soil properties (Viscarra Rossel et 

al. 2006). The level of accuracy depends on the ability to detect signatures of the soil 

components in the form of functional groups responsible for the property of interest. 

It is unlikely to provide quantitative data where the property being predicted is 

unrelated to soil chemistry or for soil solution chemistry where concentrations are low 

or ephemeral (Janik et al. 1998). The technology has also been used in recent years 

for the prediction or quantification of soil carbon fractions (Janik et al. 2007; 

Zimmermann et al. 2007; Bornemann et al. 2008). 

 

2.8.3 Spectra of soil, absorption bands and functional groups 

It is important to know the soil sample preparation used in presenting the sample to 

the spectrometer because different sample preparation can give slightly different 

absorption bands for the same functional groups. The research undertaken by 

Nguyen et al (1991); Janik et al (1995); Janik and Skjemstad (1995); and Janik et al. 

(2007) using mid-infrared DRIFT spectroscopy has provided an account of the 

infrared absorption bands of soil, mineral and organic functional groups for soil 

samples prepared as ground neat soil samples.  

 

Nguyen et al. (1991) showed some of the advantages of using mid-infrared DRIFT 

spectroscopy to separate soil into its mineral and organic matter components. They 

compared pure component spectra of minerals and organic matter with that of soil 

samples containing quantities of those mineral and organic components and 

discovered that the spectra provided by the soil samples gave the same 

characteristic bands as the pure mineral used as the reference material. For 

example, clay minerals such as kaolinite can be identified by their hydroxyl stretching 

vibrations with peaks occurring in wavenumber range 3800 - 3000 cm-1. Smectites 

and illites on the other hand tend to have broad ill-defined hydroxyl stretching 

vibrations with bands at 3630 and 3620 cm-1 and are often overlapped and masked 
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by other spectra. Quartz in the form of sand has characteristic bands, in particular 

the group of three bands at 2000, 1870 and 1790 cm-1. Carbonate minerals are often 

shown in Australian soils by a distinct band at 2500 cm-1 usually attributed to calcite. 

Gibbsite has a number of characteristic OH stretching vibration bands at 3530 and 

3450 cm-1.  

 

Janik et al. (1995) provided some of the first research correlations of mid-infrared 

spectra of soil with x-ray fluorescence (XRF) of major oxides SiO2, Al2O3, Fe2O3, 

MgO, CaO, K2O, Na2O, TiO2 and P2O5 with PLS analysis. For example, the first 

weight loading for SiO2 provided a strong correlation for quartz with positive peaks 

within the wavenumber range 2000 - 1700 cm-1 but negative peaks for kaolin and 

gibbsite between 3700 - 3400 cm-1. The second weight loadings for SiO2 provided 

more detailed qualitative information with a strong peak near 3660 cm-1, possibly 

mica and negative peaks from organic matter at 2930 and 2860 cm-1. Janik and 

Skjemstad (1995) showed positive peaks in the first weight loading for TOC% from 

alkyl-CH2, carboxylic acid, and amide functional groups. The second and third weight 

loadings for TOC% provided positive peaks for aromatic, carboxylic and 

carbohydrate functional groups at 1600 and 1500 cm-1, 1730 cm-1 and 3500 and 

2150 cm-1 respectively.  

 

Janik et al. (2007) applied the use of mid-infrared DRIFT spectroscopy with PLS 

analysis for the prediction of TOC%, and the organic carbon fractions, particulate 

organic carbon (POC) and charcoal carbon (Char-C). The average beta co-efficient 

of the first four weighted loadings of TOC% provided positive peaks for organic 

matter. Organic matter was represented by the functional groups alkyl–CH2 

stretching modes (2922 and 2853 cm-1), carbohydrate overtones of the –COH 

stretch (2200 - 2000 cm-1), carboxylic acid –COOH (1708 cm-1), amide I and II bands 

(1660 and 1556 cm-1), alkyl-CH2 deformation (1450 - 1400 cm-1), aromatic-CH in 

plane formation (1238 cm-1), and carbohydrate –COH stretch (1051 cm-1). 
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2.8.4 Optimum size of a calibration model  

There have been a number of investigations made where comparisons of different 

size calibration models using visible near-infrared spectroscopy (Brown et al. 2007; 

Sankey et al. 2008; Wetterlind and Stenberb 2010; Guerreor et al. 2010) and mid-

infrared DRIFT spectroscopy (Reeves et al. 2001; Mardari et al. 2006; Janik et al 

2007) have shown that small localised calibration model provide the most accurate 

predictions of soil properties for an area being studied. The predictive capacity of 

regional and global calibration models, which provide a much wider diversity of soil 

types and composition can be significantly improved with the inclusion of soil from 

the area being studied, a process called spiking. 

 

Brown et al. (2007) found that combining global with local calibration data had the 

potential to improve predictions of soil properties compared with the use of global or 

local calibrations alone. In a study by Sankey et al. (2008) comparing local versus 

global calibrations for the predictions of soil clay, organic carbon and inorganic 

carbon, it was found that the combination of a large global dataset and a smaller 

local dataset produced more accurate predictions than calibrations from global 

samples and in many instances local samples alone. Wetterlind and Stenberb (2010) 

compared global and local calibration models for the prediction of within-field 

variation in clay, silt, sand, soil organic carbon, pH and phosphorus. The results 

indicated that the local calibration model was the most accurate in the prediction of 

the soil properties with the smallest root mean squared error of prediction (RMSEP). 

The national or reduced national calibrations were less accurate in predictions than 

the local calibration model. However, spiked national or reduced national calibrations 

with local soil samples reduced the RMSEP values to the same values as the local 

calibration model.  

 

Guerreor et al. (2010) provided some focused research on spiking different sized 

models with samples from targeted sites. Spiking was achieved by increasing the 

relative number of soil samples from the target site and reducing the number of 

samples used in the global calibration model. The selection of samples used in the 

models involved a strategy based on spectral characteristics and on Kjeldahl 

nitrogen (NKj) values of samples. The results showed that predictions of NKj 
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generally improved with spiking and that lowest errors were achieved by spiking 

smaller-sized, calibrated datasets.  

 

Reeves et al. (2001) reported that the predictive capacity of tillage and no tillage 

calibration models of their counterpart samples for the analytes pH, total carbon, 

total nitrogen, and for some biological measures (i.e. active and biomass N and the 

enzymes) were improved by adding a few samples of one set to the calibration of the 

other and building a new calibration model. Mardari et al. (2006) also found that 

robustness of a calibration model for the prediction of total carbon of a soil dataset 

can be increased significantly with the inclusion of a portion of the soil samples from 

the soil dataset. In their study a calibration model of 120 bulk soil samples was used 

in the prediction of total carbon for 700 aggregates size fraction (ASF) samples. The 

inclusion of 5-20% of ASF samples to the bulk soil sample calibration model 

significantly improved prediction of total carbon of ASF samples. Janik et al. (2007) 

showed how a global calibration made up of Australian soils for the prediction of 

TOC% for foreign soil samples was improved by including a portion of the foreign 

soil in the global calibration. 

 

The calibration model should have at least a strong representation of soils from the 

area being studied so to improve the accuracy in predicting soil properties.  

 

2.8.5 Optimum number of soil samples for a calibration model 

Investigations to determine the appropriate number of soil samples for a calibration 

model using visible near-infrared spectroscopy (Shepard and Walsh 2002) and mid-

infrared DRIFT spectroscopy (Viscarra Rossel et al. 2008) have shown that the 

larger the range in soil spectra from different soil types of various environments 

across the area of study, the more robust the calibration model tends to be in the 

prediction of soil properties.  

 

Shepherd and Walsh (2002) used visible near-infrared spectroscopy for the provision 

of soil spectra followed by spectra outlier detection with PCA (Unscrambler V7.5) 

and multivariate statistics, (i.e. multivariate adaptive regression splines -MARS), for 

the calibration of the soil spectra and soil properties of interest. If the accuracy of the 

predicted soil sample, using the cross validation technique, was acceptable it was 
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included in the spectral library. If not, they were re-analysed for inclusion or identified 

as outliers to generate a new and different spectral library of a target soil. The 

research showed that the predictive capacity decreased, rapidly when the sample 

size fell below 100 to 200 samples, and varied with the soil property being predicted. 

They suggested a reasonably large calibration spectral library (i.e. several hundred 

soil samples) so that the responses between sample size and accuracy of prediction 

could be adjusted until there are stable predictions in the soil properties. Once the 

calibration sample size has been determined, only calibration maintenance is 

required with the inclusion of outliers among new samples. 

 

In a similar way Viscarra Rossel et al. (2008) provided a procedure to determine the 

optimum number of soil samples for a calibration model using mid-infrared DRIFT 

spectroscopy. Mid-infrared spectroscopy was used in the provision of a spectral 

library of legacy soil samples from the cotton growing regions in eastern Australia. 

The spectra were compressed using PCA to identify structure, patterns and possible 

clustering. Outlier analysis was undertaken and identified outliers were rescanned for 

verification. If no outliers existed, multivariate calibration was performed using PLSR 

and validated using cross validation technique as well as an independent validation 

test set. If the accuracy of the calibrations were within acceptable limits, then the 

spectral library would be used to predict soil properties from the DRIFT reflectance 

spectra of new soil samples that belong to the same spectral population as the soils 

in the library.  

 

If the accuracy of the calibrations were found to be unsatisfactory then the soil 

analytical data were considered unreliable. In this case, the spectral data space 

would be sampled using a conditioned Latin Hypercube Sampling (cLHS) procedure 

and laboratory analysis performed on the selected samples. These new samples 

would be combined with their corresponding spectra and multivariate calibrations 

performed. If the samples are not represented by the spectral library (i.e. outliers), 

they were removed and new, targeted soil sampling identified to populate the 

spectral library (Viscarra Rossel et al. 2008). 

 

The calibration model should be built using an appropriate number of soil samples to 

give coverage of the different soil spectra across the area of study, so the spectra of 
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new soil samples are represented for the prediction of soil properties. The 

appropriate number of soil samples may be determined when considering associated 

costs and the acceptable level of accuracy of the calibration model in the prediction 

of soil properties.  

 

2.9 Total organic carbon and carbon fractions 

Total carbon is the combination of organic and inorganic carbon. Organic carbon 

consists of cells of micro-organism, plant and animal residues at different stages of 

decomposition, resistant soil humus, and highly carbonised compounds such as 

charcoal, graphite and coal. Inorganic carbon however, is largely found in carbonate 

minerals such as calcite and dolomite (Nelson and Sommers 1996). Organic carbon 

has also been characterised as a combination of organic carbon fractions (i.e. POC, 

HUMUS and Char C), providing different functions within the soil (Baldock and 

Skjemstad 1999) and these fractions have been used to model the turnover of soil 

organic carbon (Skjemstad et al. 2004; Zimmerman et al 2006). There is a range of 

proven laboratory chemical methods available for the analysis of TOC and carbon 

fractions each varying in accuracy, time required and expense. 

 

2.9.1 Measuring total organic carbon 

The different methods and instruments used to determine total carbon, organic 

carbon and inorganic carbon can be found in published soil analytical texts (e.g. 

Nelson and Sommers 1996; Rayment and Higginson 1992; Rayment and Lyons 

2011). Wet oxidation and dry combustion are the two main methods used to 

determine TOC in soils by quantifying both inorganic and organic forms.  

 

Rayment and Lyons (2011) provided details on the various forms of wet oxidation 

and dry combustion. Wet oxidation is typically undertaken using; i) Walkley and 

Black, and ii) Heanes method. Dry combustion can be undertaken in a number ways; 

i) Dumas high-temperature combustion - volumetric (no soil pre-treatment), ii) 

Dumas high temperature combustion - infrared/thermal conductivity detection (no 

soil pre-treatment), and iii) Dumas high temperature combustion - infrared/thermal 

conductivity detection (with prior removal of charcoal and/or chemical removal of 

carbonates) method.  
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The Walkley and Black wet oxidation method involves the reduction of dichromate 

(Cr2O7
2-) with soil organic matter at elevated temperatures and is considered to be 

approximate because of incomplete chemical reaction. Typical recoveries of soil 

organic carbon are around 75-90% for surface soils and vary with soil type and 

depth. The more accurate Heanes method includes an external heating step to 

encourage complete oxidation of soil organic carbon (Rayment and Lyons 2011).  

 

The Dumas high temperature combustion methods can estimate total soil carbon 

when charcoal and carbonates/bicarbonates are in the soil samples. However, total 

organic carbon can only be determined once these ‘interferences’ have been 

removed prior to analysis. The Dumas methods involve high temperature 

combustion but with different means of measuring the released CO2. The Dumas 

volumetric (no soil pre-treatment) involves the volumetric measurement of released 

gases but has been superseded by Dumas infrared/thermal conductivity detection 

CO2. This method incorporates the physical removal of visible charcoal and similar 

sources of elemental C and a chemical pre-treatment step to remove positive 

interferences from the carbonates/bicarbonates (Rayment and Lyons 2011). 

 

In a review of carbon determination methods by Conyers et al. (2011) it was shown 

that the Heanes and Dumas combustion (Leco) methods were similar in their ability 

to capture C from different substrates, and the Heanes and Walkely-Black methods, 

unlike the Leco method had the advantage of not measuring carbonates. However, 

all three methods were shown to measure some proportion of charcoals and other 

burnt materials in the different substrates, including graphite.  

 

Rayment and Lyons (2011) also mentioned the application of mid-infrared DRIFT 

spectroscopy for the measurement of TOC by providing a statistical relationship 

between infrared spectra and results from proven conventional laboratory methods. 

 

2.9.2 Measuring soil organic carbon fractions  

The carbon fractions can be analysed using the CSIRO fractionation method 

(Sanderman et al. 2011), which involves separating the POC fraction using the 

procedure by Cambardella and Elliot (1992) and in accordance with Method 6C1 of 

Rayment and Lyons (2011) before applying the procedures developed by Skjemstad 
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et al. (1996) for the recovery of the Char-C fraction; the humic fraction (HUM) being 

TOC minus Char-C plus the POC fraction. Janik et al. (2007) successfully applied 

mid-infrared DRIFT spectroscopy with PLS analysis to predict the concentration of 

organic carbon fractions, POC and Char C.  

 

A slightly different fractionation method developed by Zimmerman et al (2006) 

removes the lengthy procedure in determination of Char-C fraction, involving the 

analysis with 13C nuclear magnetic resonance (NMR). The fractions consists of DOC, 

POM, (S + A), (s + c), rSOC with DOC represents the labile fraction while (S + A) 

and (s + c minus rSOC) represent the stabilised fraction. Zimmerman et al (2007) 

also applied mid-infrared DRIFT spectroscopy with PLS analysis to quantify the 

organic carbon fractions. 

 

2.9.3 Carbon modelling  

In an effort to understand the dynamics of soil organic carbon, various computer 

simulation models have been formulated (e.g. CENTURY, DAYCENT, CQESTR and 

DNDC). The Rothamsted carbon (Roth C) conceptual model has been selected as 

the preferred model for Australia to simulate nationally the turnover of organic carbon 

in the soil through combining the fractions that have a moderate turnover of 10 to 

100 years and slow turnover of 100 to 1000 years (Sanderman et al. 2010). In the 

past, Roth C model has been successfully applied to simulate the rate of carbon loss 

and sequestration for different agricultural systems (Skjemstad et al. 2004; 

Zimmerman et al. 2006) by adjusting fractionation methods to be compatible with the 

Roth C model fractions. The recent application of mid-infrared DRIFT spectroscopy 

in the prediction of carbon fractions (Janik et al. 2007; Zimmerman et al. 2007) has 

the potential to provide rapid, low cost Roth C modeling. 

 

2.10 Aim and objectives of the project 

The preceding introduction and literature review has shown that the use of mid-

infrared DRIFT spectroscopy for the analysis of soil properties, in particular TOC, is 

well advanced and high levels of accuracy have been achieved using ground, KBr 

diluted and non-diluted samples. The aim of this project is to develop the basis for a 

State-wide calibration model, using soil samples from 8 Soil Monitoring Units (SMUs) 

representing a range of soil types, land uses and environmental conditions from the 
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State Land and Soil Condition Monitoring, Evaluation and Reporting (MER) program. 

The development of an efficient and accurate model required addressing a number 

of supporting objectives. 

 

 These objectives were to test;  

(i) the accuracy of mid-infrared DRIFT spectroscopy to predict TOC, 

(ii) whether a series of calibration models representing individual SMUs will 

provide a higher accuracy of prediction than an all-inclusive global 

calibration model, 

(iii)  the predictive capacity of different land use calibration models, cultivation, 

native pasture and woodland compared to an all-inclusive global 

calibration model. 

(iv) the accuracy of mid-infrared DRIFT spectroscopy for the prediction of soil 

organic carbon fractions  

 

2.11 State Land and Soil Condition Monitoring, Evaluation and Reporting 

(MER) program 

The MER program was initiated by the Department of Environment and Climate 

Change (DECC) in meeting land and soil targets set by the NSW State government 

in 2008. These targets were: (i) by 2015 there is an improvement in soil condition 

and (ii) by 2015 there is an increase in the area of land that is managed within its 

capability. The program provided a network of 95 SMUs from which to assess the 

progress towards the State land and soil targets. The requirements of the program 

for soil sampling and analysis of properties involved the following procedures.  

 

1. 10 SMUs were selected for monitoring within each Catchment Management 

Authority (CMA) area. The monitoring units represented tracts of land that 

have consistency in its soils, its size, its environmental or agronomic or socio-

cultural significance and likelihood of change in condition over time.  

 

2. In each SMU, 10 paired or grouped soil monitoring stations, also referred to 

as sampling sites, were established for MER sampling. The sampling sites 

were bounded monitoring areas 25 m x 25 m square. They were individually 

paired with at least one other nearby site on the same soil type, but with a 
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different land use and where possible a land use on which management had 

minimal impact on soil condition (i.e. native pasture or woodland). 

 

3. The soil sampling site was divided into 100 cells, each 2.5 m x 2.5 m in size.  

The cells at each site were allocated an X-Y coordinate according to a column 

(eastings 0-9 from west to east) and row number (northings 0-9 from south to 

north). The origin cell was always in the south-west corner of the site. 

Random selections of 10 cells were chosen from the 100 cells available at 

each site and within each of these a soil core was taken consisting of four 

depth intervals, 0-50, 50-100, 100-200, and 200-300 mm. The laboratory tests 

on each core sampled were pH, electrical conductivity, TOC% and bulk 

density.  

 

2.12 Arrangement of thesis 

Chapter 3 presents the material and methods of the study explaining reasons for 

selecting the SMUs and describing their associated sampling sites, soil types and 

land uses including the recording of soil spectra and the analysis of soil samples for 

TOC. An explanation is provided on the use of multivariate calibration techniques, 

PCA and PLS analysis for the identification of outliers and in building calibration 

models along with the qualitative and quantitative evaluations. 

 

Chapter 4 provides a preliminary evaluation of mid-infrared DRIFT spectroscopy to 

estimate and predict TOC. A range of calibration models are provided for 2 of the 

selected SMUs using the datasets for two soil depths 0-50 mm and 50-100 mm. 

Qualitative and quantitative evaluations are carried out on the calibration models to 

show similarities and any inconsistencies with other reported research results. 

 

Chapter 5 takes the knowledge and success of the preliminary evaluation to provide 

individual SMU calibration models for a soil depth 0-100 mm. Quantitative 

evaluations for the individual SMU calibration models are compared with the all-

inclusive global calibration model in estimating and predicting TOC. The comparison 

allowed for a decision to be made on whether a series of individual SMU calibration 

models or an all-inclusive global calibration model should be used as the basis of the 

State wide calibration model.  
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Chapter 6 utilises the datasets of the SMUs for soil depths 0-50 mm and 50-100 mm 

to build land use calibration models for a soil depth of 0-100 mm. Qualitative 

evaluations are carried on the calibration models with the removal of quartz spectra 

from the first 3 factor weight spectra to show more clearly the organic functional 

groups and the correlation with the laboratory TOC results. A comparison of the 

same factor weights for different land uses is used to show relative differences in the 

contribution made by organic functional groups in estimating and predicting TOC. 

Quantitative evaluations are carried out on land use calibration models and 

comparisons made with an all-inclusive global calibration model in estimating and 

predicting TOC for the consideration of using different land use calibration models as 

the basis for the State-wide calibration model. 

 

Chapter 7 investigates the application of mid-infrared DRIFT spectroscopy, for the 

prediction of organic carbon fractions. A comparison is made in the accuracy of 

estimating carbon fractions generated by the CSIRO fractionation method 

(Sanderman et al. 2011) with the Zimmerman et al. (2006) fractionation method. 

 

Chapter 8 examines the future use of mid-infrared DRIFT spectroscopy for the 

analysis of soil TOC and limitations that exist for broad scale adoption and Chapter 9 

provides the main conclusions from the study and points out some of the outcomes; 

achievements, limitations and recommendations for the future. 
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3.0 Materials and Methods 

3.1 Soil samples 

A selection of 8 SMUs representing 1345 soil samples were drawn from the State 

Land and Soil Condition Monitoring, Evaluation and Reporting (MER) program, 

archived at the Office of Environment and Heritage laboratory, Yanco. The SMUs 

were selected to provide a wide and representative range of locations, soil types and 

where possible 3 replicates of each different land use, cultivation, native pasture and 

woodland across the landscape. The soil sampling sites extended from the north of 

the State near Inverell and Gunnedah to central areas near Dubbo and south 

western areas near Wentworth (Figure 3.1).  

 

 A summarised description of the 8 SMUs is provided in Tables (3.1, 3.2 and 3.3) 

showing their associated sampling sites, soil types and land use.  

 

 

 

Figure 3.1 Location of the soil sampling sites for the 8 Soil Monitoring Units across 

New South Wales, Australia.  
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Table 3.1 SMUs Ballimore-Curban, Bingara Rises and Inverell Basalts with their 

associated sampling sites, soil types and land use. 

Ballimore-

Curban Great Soil Group ASC Order 

ASC 

Suborder 

ASC  

Great Group 

ASC 

Subgroup Land Use 

Site 1 Red-brown Earth Chromosol Red     Cultivation 

Site 2 Red-brown Earth Chromosol Red     Cultivation 

Site 3 Alluvial Soil Rudosol Stratic     

Native 

Pasture 

Site 4 Red-brown Earth Chromosol Red     Cultivation 

Site 5 Red-brown Earth Chromosol Red     Cultivation 

Site 6 Red-brown Earth Chromosol Red     

Native 

Pasture 

Site 7 Red-brown Earth Dermosol Brown     Cultivation 

Site 8 Red Earth Kandosol Red     Cultivation 

Site 9 Red-brown Earth Chromosol Brown     Cultivation 

Site 10 Red-brown Earth Dermosol Brown     Cultivation 

Bingara Rises             

Site 11 Red Podzolic Soil Chromosol Brown Eutrophic Haplic 

Native 

Pasture 

Site 12 Red Earth Kandosol Brown Eutrophic Bleached Woodland 

Site 13 Grey Clay Dermosol Grey Hypocalcic Haplic Cultivation 

Site 14  Chromosol Brown Eutrophic Haplic 

Native 

Pasture 

Site 15 Chocolate Soil Dermosol Brown Eutrophic Haplic Cultivation 

Site 16 Red Earth Kandosol Red Mesotrophic Haplic Woodland 

Site 

Non-calcic Brown 

Soil Chromosol Brown Eutrophic Bleached 

Native 

Pasture 

Site 18 

Non-calcic Brown 

Soil Chromosol Red Eutrophic Haplic Cultivation 

Site 19 Soloth (Solod) Chromosol       Woodland 

Inverell 

Basalts             

Site 20 Brown Clay Vertosol Brown Epipedal Haplic 

Native 

Pasture 

Site 21 Black Earth Vertosol Black     Woodland 

Site 22 Black Earth Vertosol Black Epipedal Haplic Cultivation 

Site 23 Red Clay Vertosol Red Epipedal Haplic Cultivation 

Site 24 Brown Clay Vertosol Brown Epipedal Haplic Woodland 

Site 25 Red Clay Vertosol Red Epipedal Haplic 

Native 

Pasture 

Site 26 Black Earth Vertosol Black Epipedal Haplic Cultivation 

Site 27 Euchrozem Ferrosol Red     Woodland 

 

*ASC - Australian soil classification  
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Table 3.2 SMUs Warialda Sands, Croppa Creek Outwash and Boomi-Whalan 

Floodplains with their associated sampling sites, soil types and land use. 

Warialda Sands Great Soil Group ASC Order 

ASC 

Suborder 

ASC Great 

Group ASC Subgroup Land Use  

Site 28 Earthy Sand Rudosol       Woodland 

Site 29 Earthy Sand Rudosol       Cultivation 

Site 30 Earthy Sand Rudosol       Cultivation 

Site 31 Earthy Sand Tenosol       

Native 

Pasture 

Site 32 Earthy Sand Tenosol       Woodland 

Site 33 Brown Earth Dermosol Grey     

Native 

Pasture 

Site 34 Brown Earth Dermosol       Woodland 

Site 35 Brown Earth Dermosol Grey     Cultivation 

Site 36 Brown Earth Dermosol Black     Woodland 

Site 37 Brown Earth Dermosol Black     

Native 

Pasture 

Croppa Creek 

Outwash             

Site 38 Black Earth Vertosol Black Crusty Epicalcareous 

Native 

Pasture 

Site 39 Grey Clay Vertosol Black Crusty Epicalcareous 

Native 

Pasture 

Site 40 Grey Clay Vertosol Black Self-mulching Epicalcareous Cultivation 

Site 41 Black Earth Vertosol Black Crusty Epicalcareous Cultivation 

Site 42 Black Earth Vertosol Black Crusty Epicalcareous Woodland 

Site 43 Grey Clay Vertosol Black Self-mulching Epicalcareous Cultivation 

Site 44 Grey Clay Vertosol Black Epipedal Epicalcareous Woodland 

Site 45 Grey Clay Vertosol Grey Crusty Epicalcareous 

Native 

Pasture 

Boomi-Whalan 

Floodplains             

Site 46 Grey Clay Vertosol Black Crusty Epicalcareous Woodland 

Site 47 Grey Clay Vertosol Black Self-mulching Epicalcareous Cultivation 

Site 48 Grey Clay Vertosol Black Crusty Epicalcareous 

Native 

Pasture 

Site 49 Grey Clay Vertosol Grey Epipedal Epicalcareous Cultivation 

Site 50 Grey Clay Kandosol Black  Haplic Woodland 

Site 51 Grey Clay Vertosol Black Epipedal Epicalcareous 

Native 

Pasture 

Site 52 Grey Clay Vertosol Black Epipedal Epicalcareous Woodland 

Site 53 Prairie Soil Kandosol Black  Haplic Cultivation 

 

*ASC - Australian soil classification  
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Table 3.3 SMUs Overnewton Flats and Duri Hills with their associated sampling 

sites, soil types and land use. 

Overnewton 

Flats Great Soil Group ASC Order 

ASC 

Suborder 

ASC Great 

Group ASC Subgroup Land Use 

Site 54 Solonized Brown Soil Calcarosol Calcic Pedal Ceteric Cultivation 

Site 55 Solonized Brown Soil Calcarosol Lithocalcic Pedal Ceteric Cultivation 

Site 56 Solonized Brown Soil Calcarosol Hypocalcic Pedal Ceteric 

Native 

Pasture 

Site 57 Solonized Brown Soil Calcarosol Calcic Pedal Epibasic Cultivation 

Site 58 Solonized Brown Soil Calcarosol Calcic Regolithic Epibasic 

Native 

Pasture 

Site 59 Solonized Brown Soil Calcarosol Calcic Regolithic Epibasic 

Native 

Pasture 

Site 60 Solonized Brown Soil Chromosol Red  Haplic Woodland 

Site 61 Solonized Brown Soil Calcarosol Calcic Pedal Epibasic Woodland 

Duri Hills             

Site 62 Red Podzolic Soil Chromosol Red Eutrophic Haplic Cultivation 

Site 63 Non-calcic Brown Soil Chromosol Black Eutrophic Haplic 

Native 

Pasture 

Site 64 Non-calcic Brown Soil Chromosol Red Eutrophic Haplic Woodland 

Site 65 Red Podzolic Soil Chromosol Black Eutrophic Haplic Cultivation 

Site 66 Red Podzolic Soil Chromosol Red Eutrophic Haplic 

Native 

Pasture 

Site 67 Euchrozem Dermosol Brown Eutrophic Haplic Cultivation 

Site 68 Non-calcic Brown Soil Chromosol Brown Eutrophic Haplic 

Native 

Pasture 

Site 69 Red Podzolic Soil Chromosol Brown Eutrophic Haplic Woodland 

 

*ASC - Australian soil classification  

 

3.2 Soil preparation for spectrometric and dry combustion analysis 

The soil samples from both soil depths 0-50 mm and 50-100 mm were dried at 40oC, 

and then passed through a 2 mm sieve, removing gravel and large pieces of organic 

matter including charcoal (Figure 3.2). A sub-sample of 6-8 grams of soil was taken 

from each sample using a riffle splitter (Figure 3.3) and this sub-sample was fine-

ground to less than 200 µm using a vibrating puck mill for 2 minutes (Figure 3.4). 

This preparation helps overcome any problems with non-uniformity within the sub-

sample, and generates a sample surface that is more uniform for the infrared beam 

of the spectrometer. On every occasion the puck mill was cleaned of any remaining 

soil residue by grinding some coarse washed river sand and then cleaning with 

compressed air and a scouring brush. The prepared soil samples were stored in 

labelled glass sampling jars until required for spectral analysis by Perkin-Elmer 
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Spectrum OneTM mid-FTIR spectrometer and analysis of TOC with the LECO CNS-

2000 analyser (Figure 3.5). 

 

The soil samples of the separate SMUs for the soil depths 0-50 mm and 50–100 mm 

were used in constructing individual SMU calibration models for a soil depth of 0-50 

mm, 50-100 mm and 0-100 mm and land use calibration models for a soil depth of 0-

100 mm. The relevant soil samples were split into a calibration dataset consisting of 

75% uniquely randomly selected data using the software Microsoft Excel 2010, 

random selection, and the remaining 25% as the validation dataset. The calibration 

dataset was used to build the calibration model and validation dataset to assess the 

predictive capacity of the model. 

 

 

Figure 3.2 Soil samples prepared to less than 2 mm in particle size. 
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Figure 3.3 Riffle splitter for the sub-sampling of 6-8 grams of soil. 

 

 

Figure 3.4 Vibrating puck mill used in the grinding of soil sample to less than 200 µm. 
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Figure 3.5 The puck, glass sample jars and source of compressed air. 

 

3.3 Dry combustion for soil total organic carbon analysis 

In accordance with Method 6B3 of Rayment and Lyons (2011), all of the oven dried 

samples was analysed for TOC using dry combustion in a LECO CNS-2000 analyser 

(Figure 3.6). As part of the analysis a small amount of each soil sample was treated 

with 4 M HCl to identify the presence of carbonate. Samples shown to contain 

carbonate were weighed into LECO combustion boats with nickel foil liners to 

prevent loss of soluble carbon. Soils were treated with 5% sulfurous acid (H2SO3) 

until the reaction ceased to remove carbonates, and then heated until dry (Figure 

3.7) These samples were then analysed for TOC using the LECO CNS-2000 

analyser. 
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Figure 3.6 LECO CNS-2000 used in the dry combustion analysis of soil samples for 

TOC. 

 

 

Figure 3.7 Pre-chemical treatment of soil samples containing carbonates with 

sulfurous acid (H2SO3).  
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3.4 Spectrometer for soil spectra analysis 

The spectrometer used was a Perkin - Elmer Spectrum OneTM mid-FTIR laboratory 

bench top spectrometer equipped with a DTGS detector and extended range KBr 

beam-splitter, scanning at 8 cm-1 resolution to give a spectrum range of 7800-400 

cm-1 and with a 0.5 cm/sec scan speed (Figure 3.8). The interferometer is based on 

a swing arm movement and referenced to a He-Ne laser giving a high level of 

position accuracy. In the operation of the spectrometer, the Spectrum-One CO2/H2O 

compensation software was used to correct for atmospheric carbon dioxide and 

water vapour absorption bands.  

 

To reduce the sources of uncertainty as much as possible the preparation of all 

samples and the scanning process was kept uniform. This meant that the sample 

weight, time of grinding, sample dryness, packing density in the spectrometer 

sample cup, instrument atmosphere dryness, time that the sample spent inside the 

diffuse reflectance cell, number of scans and instrument parameters were 

maintained as consistent as practically possible for all soil samples analysed.  

 

In presenting the prepared samples to the spectrometer approximately 0.2 - 0.5 

grams of soil was placed in a stainless steel spectrometer sample cup 5 mm deep 

and 10 mm diameter and levelled, making sure no pressure was applied to the 

surface of the powder (Figure 3.9). The samples were individually scanned for 1 

minute as neat (i.e. undiluted) samples. The spectral data were recorded in Perkin-

Elmer .SP format and converted into GRAMS .SPC format for calibration by using 

the PE-IRDM converter. 
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Figure 3.8 Perkin- Elmer Spectrum OneTM mid-FTIR laboratory bench spectrometer. 

 

 

Figure 3.9 Stainless steel spectrometer sample cup, standard soil and clean silicon 

carbide (SiC) reference disc. 
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A quality control check of the emitted infrared beam from the spectrometer was 

carried out during the recording of soil spectra. This involved collecting a background 

scan of a clean silicon carbide (SiC) reference disc in the initial set up of the 

spectrometer and for regular background checks (Figure 3.9). A background scan 

represents the energy profile of the instrument, measured in EGY units over all 

wavenumbers. The initial background scan was used as the master copy to compare 

all subsequent background scanning, which was provided regularly after processing 

batches of 20 soil samples. In conjunction with the background scan a standard soil 

sample of known TOC was regularly scanned after each 20 samples for later 

verification of the accuracy of the spectrometer function and quality control. 

 

3.5 Calibration, estimation and prediction  

The software PLSplus/IQ V8 (Galactic) was used to build the calibration models 

involving the use of the cross validation (leave-one-out) technique, providing an 

estimate of TOC. The software uses multivariate statistics Principal Component 

Analysis (PCA) for the identification of spectral outliers and Partial Least Squares 

Analysis (PLS) in determining the optimum number of factors for the calibration 

models and for further identification of outliers. The software GRAMS/AI Version 9R2 

(Thermo Scientific) was then used to apply the calibration models to the related 

validation dataset for prediction of TOC of unknown soil samples. All laboratory TOC 

results for the calibration datasets were initially square root transformed in-order to 

minimise non-linearity in the calibration. Qualitative and quantitative evaluations 

were respectively carried out to assess the correlation between the infrared spectra 

of soil and laboratory TOC results and the accuracy of the calibration models to 

estimate and predict TOC.  

 

3.5.1 Principal component analysis  

Principal Component Analysis was applied to the soil spectra of each calibration 

dataset to show variability in soil samples. Score plots for the first four factors were 

used in identifying outliers with the application of the statistical indicator, 

Mahalanobis distance set at 3 (L Janik 2012, pers. comm., 10 May). 

 

 



 45 

Calibration datasets were pre-processed with mean centering, and automatic 

baseline correction for optimum wavenumber range 4000 - 1030 cm-1. A pre-set 

maximum of four factors was used to account for virtually all variances in the spectra 

of soil samples (Janik and Forrester 2004). 

 

The term factors represent the common and dominant physical and/or chemical 

components in the sample which cause changes in the absorbance of light at all 

wavelengths in the spectrum. The common factors are also referred to as 

eignevectors, spectral loadings, loading vectors, orthogonal latent variables and 

principal components (Grams/IA Software V9R2). 

 

The scores of one factor were plotted against the scores of another factor for every 

sample in the calibration dataset (i.e. factor 1 vs factor 2, factor 2 vs factor 3, factor 1 

vs factor 3 and factor 3 vs factor 4) (Janik and Forrester 2004). This score versus 

score plot is a form of cluster analysis which can be used to identify samples that 

have scores inconsistent with other samples in a calibration dataset. Scores are 

generated, scaling coefficients for each factor and if the scores are multiplied by the 

factors and the results summed, the original sample spectrum can be reconstructed. 

If all samples in the calibration dataset are similar physically and chemically, the data 

points will tend to cluster around a common mean value. If a sample point lies 

significantly outside this cluster, it indicates that the ratio of the two factor scores for 

that sample is inconsistent with other spectra in the dataset and that it may be an 

outlier. This process is carried out with the use of the Mahalanobis distance 

(Grams/IA Software V9R2). 

 

The Mahalanobis distance method is used in the assessment of spectra due to its 

sensitivity to variations (i.e. variance) in the wavelength responses of a substance 

along with inter-wavelength variance (i.e. co-variance). Mahalanobis distance takes 

wavelength variability into account by not treating all values equally when calculating 

the distance from the mean point. It constructs a space that weights the variation in 

the sample along the axis of elongation, whose boundaries determine the range of 

variation that is acceptable for unknown samples. In addition, Mahalanobis distance 

measures variance in terms of standard deviations from the mean spectrum of 

samples in the dataset (Grams/IA Software V9R2). 
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Samples that have a Mahalanobis distance of 3 or more have a probability of 0.01 or 

less and can be classified as non-members (i.e. outliers) of a group and samples 

less than 3 Mahalanobis distance are classed as members (Grams/IA Software 

V9R2). Those soil samples with a Mahalanobis distance of 3 or more were removed 

from the calibration dataset.  

 

A visual appraisal for the identification of outliers was also made using the graphical 

plot of the soil sample spectral residual versus its level of leverage for the first 4 

factors (Janik and Forrester 2004). The spectral residual is the difference between 

the actual sample spectrum and the model spectrum, whereas sample leverage is a 

measure of the importance of the sample to the overall model equation. If a single 

sample has a spectral residual significantly different to the rest of the dataset, this 

can indicate that it may be an outlier and depending on the level of leverage, have a 

large or small influence on the model (Grams/IA Software V9R2). Soil samples with 

a significantly different spectral residual to the other samples of a calibration dataset 

were removed from the dataset.  

 

3.5.2 Partial least squares  

Partial Least Squares, based on mathematical description of Haaland and Thomas 

(1988) was applied to the calibration datasets. Model training was carried out to 

determine the optimum number of factors for the calibration models and in the 

process show variability in the soil samples for the identification of outliers involving 

both soil spectra and laboratory TOC results. 

 

The calibration datasets were pre-processed in the same way as with PCA. The 

main differences were the use of PLS and a pre-set maximum of 20 factors to 

account for nearly all variance in soil spectra and changes in the spectra that 

correspond to the laboratory TOC results.  

 

In using PLS the spectral data and the measured analytical data were converted into 

a two sets of factors and scores. The first set of factors and scores represent the 

common variations in the spectral data in the same way as provided by the PCA. 

The second set of factors and scores represent changes in the spectral data that 

correspond to the analytical data (Grams/1A Software V9.0R2). 
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Model training provided the optimum number of factors to be used in modelling the 

dataset and was determined by the cross validation (leave-one-out) technique until a 

minimum predicted residual sum of squares (PRESS). The optimum number of 

factors represents the best compromise between providing the lowest PRESS while 

not trying to explain all idiosyncrasies in the spectral data and analytical data. This is 

the sum of the squared difference between the predicted and known concentration. 

The smaller the PRESS value, the better the model is able to predict the 

concentrations of unknown samples (Grams/IA Software V9R2).  

 

( )2

∑ −=
n

measpred YYPRESS
 

Where: Ypredicted is the predicted concentration, Ymeasured is the measured 

concentration, and n is the number of samples in the calibration dataset (Grams/IA 

Software V9R2). 

 

 As part of model training, PLS analysis was also used to show variability in the soil 

samples and for the identification of outliers, involving both soil spectra and 

laboratory TOC results. Partial Least Squares analysis was used to re-evaluate the 

calibration datasets in the same way as the PCA for the identification of any further 

outliers, using the score vs score plots with the application of the Mahalanobis 

distance set at 3. Those soil samples with a Mahalanobis distance of 3 or more were 

removed from the calibration dataset. 

 

 A visual appraisal for the identification and removal of outliers for the first 4 factors 

was also made using the graphical plots concentration residual versus spectral 

residual and leverage versus Studentised concentration residuals (Janik and 

Forrester 2004). Concentration and spectral residual are the difference between the 

actual and predicted concentration and the observed and reconstructed spectrum of 

a sample. If a soil sample has both a high concentration residual and spectral 

residual compared to the rest of the samples in the dataset the sample cannot be 

modelled and it should be omitted (Grams/1A Software V9.0R2). The application of 

the leverage versus Studentised concentration residual plot involves the leverage of 

the soil samples, which is a measure of the importance of the sample to the overall 
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model equation, with the Studentised concentration residual. Studentised 

concentration residual is an indication of how well the sample’s predicted 

concentration is in line with the leverage. If a sample has a very high leverage for the 

dataset, it may not be an outlier, but rather a sample at the high or low end of the 

concentration range. If the sample has both a high leverage and a Studentised 

concentration residual that is very different from the rest of the samples in the 

dataset, the sample is likely to be an outlier (Grams/1A Software V9.0R2). 

 

In determining the optimum number of factors for the calibration models the cross 

validation technique also predicts the TOC of each soil sample in the calibration data 

set. In this case the cross validated predicted TOC values were referred to as 

estimated TOC values. The estimated TOC values were back-transformed by 

squaring the values for comparisons to be made with the laboratory TOC results of 

the calibration dataset. The accuracy of the calibration model in estimating TOC was 

described by standard error of cross validation (SECV) and R2. 

 

GRAMS/A1 V9R2 software was used with the calibration models to predict TOC for 

the related validation dataset. To apply the calibration model to the validation 

dataset, a report table was produced showing the predicted TOC values of the soil 

samples along with identifying soil samples that were spectrally or analytically 

different from those soil samples used in the calibration dataset. The parameters 

measured were:  

• scores, concentration and residual test, assesses whether or not the scores, 

concentration and residual measured are within the same range of values for 

samples that make up the calibration dataset,  

• an F-Test which is applied to the spectral residual to check that it is 

statistically similar to the calibration dataset for the model, values greater than 

0.99 fail the test, and 

• Mahalanobis distance, where the calculated Mahalanobis distance for the soil 

sample spectrum of the validation dataset is compared to the Mahalanobis 

distance accept and reject levels that were set in the building of the calibration 

model (i.e. Mahalanobis distance < 3 accept and > 3 reject) (Grams/IA 

Software V9R2). 
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In instances where a soil sample from the validation dataset was shown to be 

considerably more than 3 Mahalanobis distances; meaning the soil sample spectrum 

was more than 3 standard deviations different to the mean spectrum of samples that 

make up the calibration dataset, the sample was removed from the validation dataset 

for re-analysis. The predicted TOC values were back-transformed by squaring the 

values for comparisons to be made with the laboratory TOC results of the validation 

dataset. The accuracy of the calibration model in predicting TOC was described by 

standard error of prediction (SEP) and R2. The accuracy of the predicted TOC values 

and the calibration model in the predicting TOC was respectively shown by the 

statistical parameters, concordance correlation coefficient cρ  and the residual 

prediction difference (RPD).  

 

3.5.3 Qualitative evaluation 

Qualitative evaluation involved assessing the correlation between the infrared 

spectra of soil and laboratory TOC results. This was achieved using the factor weight 

spectra of the calibration model for the first 3 factor weights. The first few factor 

weights show characteristic peaks of minerals and organic components in the soils 

that correlated to TOC and decreasing importance for each subsequent factor weight 

(Janik and Skjemstad 1995). The first few factor weights correspond to those 

spectral frequency regions with maximum spectral and concentration information for 

soil property prediction (Janik et al. 1995; Janik and Skjemstad 1995). The first factor 

weights are similar to the ‘pure’ component species in the soil samples and are 

therefore more suited to qualitative determination of the dominant soil components. 

The ‘pure’ component spectra are the positive peaks in the factor weight spectra, 

with the negative peaks as the interfering components (Janik et al. 1995).  

 

3.5.4 Quantitative evaluation 

Quantitative evaluation of the estimated TOC values for the calibration datasets and 

predicted TOC values for the validation datasets, involved using a number of 

commonly used statistical parameters for mid-infrared DRIFT spectroscopy. 

Coefficient of determination, R2 was used to measure the proportion of the total 

variation accounted for by the calibration model in estimating and predicting TOC 

values, with the remaining variation attributed to random error. The SECV and SEP 
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were respectively used to measure the standard deviation of the difference between 

the estimated and predicted values of samples with that of laboratory TOC results.  

 

The SECV and SEP were calculated using the equation, 

( ) nYYSEPSECV measpred∑ −==
2

 

Where: Y predicted is the predicted concentration, Y measured is the known concentration, 

and n is the number of samples in the calibration or validation dataset (Grams/IA 

Software V9R2). 

 

The concordance correlation coefficient cρ  was determined to show how well the 

predicted TOC values reproduced on the validation dataset. It measures the 

agreement between measured and predicted samples, or how close the model 

prediction falls along a 45o line from the origin with the measured data. The value of 

the index is scaled between -1 and 1 with a value of 1 representing complete 

agreement between all paired sites (Tranter et. al. 2008). The concordance 

correlation coefficient cρ  was calculated using the following equation.  

( )222

*2

yxss

s

yx

xy
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−++

=ρ  and, 

 

x and y  are the sample means for populations X and Y, and xi and yi are i th values 

from populations X and Y (Tranter et al. 2008). 

 

Residual prediction difference was used to test the degree of accuracy of the 

calibration models. This is the ratio of the standard deviation of the measured value 

of the soil property in the validation dataset to the SEP (Pirie et al. 2005). Residual 

prediction difference greater than 3 are considered adequate for analytical purposes, 

and values between 2 and 3 are semi-quantitative or qualitative, and values between 

1.5 and 2 only indicate qualitative (Janik et al. 2009). 
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4.0 Evaluation of MIR - DRIFT Spectroscopy for TOC Analysis 

4.1 Introduction  

The purpose of the preliminary evaluation was to investigate mid-infrared DRIFT 

spectroscopy for the analysis of TOC. The Ballimore-Curban and Bingara Rise, 

SMUs were used because of large differences in the distribution of land use and 

range in TOC%. The datasets of the SMUs for the soil depths 0-50 mm and 50-100 

mm were organised to provide a range of calibration models in an effort to assess 

the correlation of infrared spectra of soil with laboratory TOC results and the 

predictive capacity of the models.  

 

The calibration models included; 

• Individual SMU calibration models for soil depths 0-50 mm and 50-100 mm, 

• Individual SMU calibration models for a soil depth 0-100 mm, 

• All inclusive calibration model, and  

• Separate calibration models for TOC soil < 2.5% and TOC soil > 2.5%. 

 

The inclusion of calibration models for TOC soil < 2.5% and TOC soil > 2.5% was 

adopted from Janik and Skemjstad (1995) evaluation of mid-infrared DRIFT 

spectroscopy for the analysis of TOC, where a difference was shown in the accuracy 

of prediction for TOC. A calibration model for a subset of 0-2.5% TOC was shown to 

have the highest accuracy in the analysis of TOC. 

 

Qualitative and quantitative evaluations were carried out on the calibration models. 

Qualitative evaluations involved assessing the correlation between the infrared 

spectra of soil and laboratory TOC results using the factor weight spectra of the 

calibration models for the first 3 factor weights. The first few factor weights show 

characteristic peaks of minerals and organic components in the soils that correlate to 

TOC and decreasing importance for each subsequent factor weight. Soil, mineral 

and organic components with positive correlations with laboratory data are 

represented by positive peaks in the weight loading spectra and negative peaks due 

to negatively correlated or ‘interfering’ components (Janik and Skjemstad 1995). 

Quantitative evaluations involved the use of statistical parameters to assess the 

accuracy of the calibration models in estimating and predicting TOC. The estimated 

TOC for the calibration datasets, using the cross validation technique, and predicted 
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TOC for the related validation datasets were respectively measured using the 

statistical parameters SECV and SEP with R2. The concordance correlation 

coefficient 
cρ  was used to show the accuracy of the predicted TOC values and RPD 

to test the degree of accuracy of the calibration models in predicting TOC.  

 

4.2 Results  

4.2.1 Laboratory analysis  

Soil TOC data determined by the LECO CNS-2000 analyser are given in Table (4.1). 

The Ballimore-Curban contained 10 sampling sites and the Bingara Rise 9 sampling 

sites from which samples were taken across 10 sampling points at each sampling 

site for the soil depths 0-50 mm and 50-100 mm. The mean, standard deviation and 

range in the TOC% was calculated using the software, Microsoft Excel 2010. These 

data, along with reflectance spectra of soil samples, were used to build and evaluate 

the calibration models.  

 

Table 4.1 Total organic carbon data for the SMUs Ballimore-Curban and Bingara 

Rises sampling sites determined by the LECO CNS-2000 analyser 

Soil Montoring Unit Sites 

Ballimore-Curban  0-50 mm 1 2 3 4 5 6 7 8 9 10 

Land Use C C NP C C C C C C C 

Mean  TOC% 1.76 2.87 2.59 1.01 1.79 1.17 1.58 1 1.22 1.1 

Standard Deviation TOC% 0.36 0.32 1.48 0.22 0.23 0.32 0.27 0.17 0.19 0.11 

Range TOC% 1.46-2.71 2.61-3.16 1.68-2.77 0.47-1.19 1.44-2.13 0.97-2.01 0.99-1.78 0.88-1.31 1.01-1.66 1.01-1.34 

Soil Montoring Unit Sites 

Ballimore-Curban  50-100 mm 1 2 3 4 5 6 7 8 9 10 

Land Use C C NP C C C C C C C 

Mean  TOC% 1.38 1.85 1.28 0.78 1.32 0.76 1.38 0.63 0.94 1.01 

Standard Deviation TOC% 0.19 0.09 0.47 0.19 0.21 0.27 0.16 0.07 0.09 0.09 

Range TOC% 1.15-1.62 1.7-1.93 0.9-2.29 0.31-0.96 1.05-1.5 0.53-1.51 1.23-1.63 0.55-0.77 0.86-1.01 0.9-1.18 

Soil Montoring Unit Sites 

Bingara Rises  0-50 mm 11 12 13 14 15 16 17 18 19   

Land Use NP W C NP C W NP C W   

Mean  TOC% 2.84 7.75 3.58 4.28 1.81 6.03 3.38 2.42 3.41   

Standard Deviation TOC% 0.71 2.26 2 0.81 0.14 2.3 0.53 0.33 1.25   

Range TOC% 1.86-4.22 5.02-11.66 1.16-4.61 3.3-5.85 1.63-2.01 3.63-10.12 2.57-4.19 1.92-2.77 1.89-6.18   

Soil Montoring Unit Sites 

Bingara Rises 50-100 mm 11 12 13 14 15 16 17 18 19   

Land Use NP W C NP C W NP C W   

Mean  TOC% 1.68 4.69 2.15 3.34 1.51 3.65 2.25 1.87 2.02   

Standard Deviation TOC% 0.49 1.07 0.52 0.75 0.15 1.24 0.22 0.37 0.8   

Range TOC% 0.95-2.7 3.5-6.42 1..2-2.88 2.4-4.17 1.37-1.73 1.96-6.68 1.87-2.51 1.53-2.71 1.45-2.37   

 

*Land use codes – C (cultivation), NP (native pasture) and W (woodland). 
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4.2.2 Individual SMU calibration models for soil depths 0-50 and 50-100 mm 

The Ballimore-Curban comprised predominantly cultivation sampling sites and gave 

only a small range in TOC% (Table 4.1). In the qualitative evaluation of the 

calibration models for the soil depths 0-50 mm and 50-100 mm the first factor weight 

provided a positive correlation from kaolinite with laboratory TOC results shown by 

the positive peaks occurring in the wavenumber range 3694 - 3624 cm-1. Organic 

matter was represented by the small broad positive peak of the alkyl-CH2 group at 

2930 cm-1. First and second factor weights provided negative peaks from quartz as 

sand in the range 2000 - 1800 cm-1. The second factor weight also presented strong 

negative peaks from kaolinite in the range 3694 - 3624 cm-1. Organic matter was 

represented in the second and third factor weight by the positive peaks of alkyl-CH2 

group at 2930 cm-1 and 2855 cm-1 (Janik and Skjemstad 1995; Janik et al. 1995) 

(Figures 4.1 and 4.2). 

 

The calibration model for the 0-50 mm soil depth involved a calibration dataset of 80 

soil samples and required an optimum of 4 factors to estimate and predict TOC. The 

calibration model using the cross validation technique gave a SECV of 0.15 and R2 

0.94 (Figure 4.3). This calibration model was applied to the validation dataset of 20 

soil samples, providing a SEP of 0.07 and R2 0.99 (Figure 4.4). The concordance 

correlation 
cρ  provided a value of 0.99 and a RPD of 9.17. This level of accuracy 

was achieved with the removal of one native pasture soil sample for re-analysis with 

6.71% TOC from the validation dataset. This sample failed the Mahalanobis distance 

test of 3 with a very high value of 9 and was considered spectrally significantly 

different to the soil samples of the calibration dataset used to build the calibration 

model. The calibration model for the 50-100 mm soil depth involved a calibration 

dataset of 80 soil samples and required an optimum of 7 factors. The use of cross 

validation gave a SECV of 0.08 and R2 0.96 (Figure 4.5). The application of the 

calibration model to the validation dataset of 20 soil samples provided a SEP of 0.08, 

and R2 0.98 (Figure 4.6). The concordance correlation cρ  provided a value of 0.98 

and a RPD of 5.86. 
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Figure 4.1 SMU Ballimore-Curban first, second and third PLS factor weights for TOC 

(0-50 mm soil depth). 

 

 

Figure 4.2 SMU Ballimore-Curban first, second and third PLS factor weights for TOC 

(50-100 mm soil depth). 
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Figure 4.3 SMU Ballimore-Curban PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 4 factors (0-

50 mm soil depth). 

 

 

Figure 4.4 SMU Ballimore-Curban PLS regression plot of the predicted TOC% 

versus Leco dry combustion measured TOC% using 4 factors (0-50 mm soil depth). 
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Figure 4.5 SMU Ballimore-Curban PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 7 factors (50-

100 mm soil depth). 

 

 

Figure 4.6 SMU Ballimore-Curban PLS regression plot of the predicted TOC% 

versus Leco dry combustion measured TOC% using 7 factors (50-100 mm soil 

depth). 

 

The Bingara Rises comprised of a more even distribution in land use sampling sites 

which in-turn provided a larger range in TOC% (Table 4.1). In the qualitative 

evaluation of the calibration models for the soil depths 0-50 mm and 50-100 mm the 

first factor weight respectively provided a positive correlation from alkyl-CH2 group 

with laboratory TOC results shown by the positive peaks at the wavenumbers 2922 
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cm-1, 2855 cm-1 and 2922 cm-1, 2852 cm-1 and a positive broad carboxylic acid -

COOH group peak at 1727 cm-1 and 1728 cm-1. Second factor weight was shown to 

have the same peak pattern as the first factor weight for the alkyl-CH2 group and 

negative peaks from quartz as sand in the range 2000 - 1800 cm-1. The third factor 

weight provided positive peaks from kaolinite at 3696 cm-1 and alkyl-CH2 group at 

2922 cm-1 and 2852 cm-1 (Janik and Skjemstad 1995; Janik et al. 1995) (Figures 4.7 

and 4.8) 

 

The calibration model for the 0-50 mm soil depth involved a calibration dataset of 70 

soil samples and required an optimum of 3 factors to estimate and predict TOC. The 

calibration model using the cross validation technique provided a SECV of 0.55 and 

R2 0.93 (Figure 4.9). The application of the calibration model to the validation dataset 

of 17 soil samples gave a SEP of 0.55 and R2 0.97 (Figure 4.10). The concordance 

correlation cρ  provided a value of 0.98 and a RPD of 5.06. The calibration model for 

the 50-100 mm soil depth involved a calibration dataset of 70 soil samples and 

required an optimum of 5 factors. The use of cross validation provided a SECV of 

0.34 and R2 0.93 (Figure 4.11). The application of the calibration model to the 

validation dataset of 17 soil samples gave a SEP of 0.23 and R2 0.94 (Figure 4.12). 

The concordance correlation cρ  provided a value of 0.97 and a RPD of 4.21. 

 

 

Figure 4.7 SMU Bingara Rises first, second and third PLS factor weights for TOC (0-

50 mm soil depth). 
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Figure 4.8 SMU Bingara Rises first, second and third PLS factor weights for TOC 

(50-100 mm soil depth). 

 

 

Figure 4.9 SMU Bingara Rises PLS regression cross validation plot of the estimated 

TOC% versus Leco dry combustion measured TOC% using 3 factors (0-50 mm soil 

depth). 
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Figure 4.10. SMU Bingara Rises PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 3 factors (0-50 mm soil depth). 

 

 

Figure 4.11 SMU Bingara Rises PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 5 factors (50-

100 mm soil depth). 
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Figure 4.12 SMU Bingara Rises PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 5 factors (50-100 mm soil depth). 

 

4.2.3 Individual SMU calibration models for a soil depth 0-100 mm 

Individual SMU calibration models for a soil depth of 0-100 mm were built using the 

combined calibration datasets for the soil depths 0-50 mm and 50-100 mm and 

evaluated with the validation datasets. The Ballimore-Curban calibration model for 

the 0-100 mm soil depth provided almost identical factor weight spectra for all factor 

weights to that of the separate calibration models for the soil depth 0-50 mm and 50-

100 mm. The first factor weight provided a positive correlation from kaolinite with 

laboratory TOC results shown by the positive peaks occurring in the wavenumber 

range 3694 - 3624 cm-1 and from alkyl-CH2 group at 2930 cm-1. There were also 

negative peaks from quartz in the range 2000 - 1800 cm-1. Second factor weight 

showed strong negative peaks from kaolinite in the range 3694 - 3624 cm-1 and also 

from quartz. The second and third factor weights provided positive peaks from alkyl-

CH2 group at 2930 cm-1 and 2855 cm-1 (Janik and Skjemstad 1995; Janik et al. 1995) 

(Figure 4.13). 

 

The calibration model for a 0 – 100 mm calibration dataset of 160 soil samples 

required an optimum of 11 factors. The cross validation provided a SECV of 0.13 

and R2 0.94 (Figure 4.14) and the application of the model on the validation dataset 

of 40 soil samples gave a SEP of 0.08 and a R2 0.98 (Figure 4.15). The concordance 

correlation cρ  provided a value of 0.99 and a RPD of 7.4. As before, the level of 
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accuracy was achieved on the removal of the same native pasture soil sample for re-

analysis with 6.71% TOC from the validation dataset.  

 

 

Figure 4.13 SMU Ballimore-Curban first, second and third PLS factor weights for 

TOC (0-100 mm soil depth). 

 

 

Figure 4.14 SMU Ballimore-Curban PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 11 factors (0-

100 mm soil depth). 
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Figure 4.15 SMU Ballimore-Curban PLS regression plot of the predicted TOC% 

versus Leco dry combustion measured TOC% using 11 factors (0-100 mm soil 

depth). 

 

The Bingara Rises calibration model for the 0-100 mm soil depth also provided 

similar factor weight spectra for all factor weights to that of the separate calibration 

models for the soil depths 0-50 mm and 50-100 mm. The first factor weight provided 

a positive correlation from alkyl-CH2 group with laboratory TOC results shown by the 

positive peaks at the wavenumbers 2922 cm-1 and 2852 cm-1, and carboxylic acid -

COOH group at 1728 cm-1. Second and third factor weights respectively showed the 

positive alkyl-CH2 group peaks at 2925 cm-1, 2855 cm-1 and 2920 cm-1, 2852 cm-1. 

The second factor weight also presented negative peaks from quartz in the range 

2000 - 1800 cm-1 (Janik and Skjemstad 1995; Janik et al. 1995) (Figure 4.16). 

 

The calibration model for a combined calibration dataset of 140 soil samples 

required an optimum of 9 factors. The cross validation provided a SECV of 0.42 and 

R2 0.94 (Figure 4.17) and the application of the model on the validation dataset of 34 

soil samples gave a SEP of 0.50 and R2 0.97 (Figure 4.18). The concordance 

correlation cρ  provided a value of 0.97 and a RPD of 4.8. 
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Figure 4.16 SMU Bingara Rises first, second and third PLS factor weights for TOC 

(0-100 mm soil depth). 

 

 

Figure 4.17 SMU Bingara Rises PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 9 factors (0-

100 mm soil depth). 
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Figure 4.18 SMU Bingara Rises PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 9 factors (0-100 mm soil depth). 

 

4.2.4 All-inclusive calibration model 

The Ballimore-Curban and Bingara Rises calibration and validation datasets for the 

soil depths 0-50 mm and 50-100 mm were used to build and evaluate an all-inclusive 

calibration model for a soil depth 0-100 mm. In the qualitative evaluation of the 

calibration model the first and second factor weights started with a negative 

correlation from kaolinite with laboratory TOC results shown by the negative peaks 

occurring in the wavenumber range 3696 - 3624 cm-1. The third factor weight 

presented strong positive peaks from kaolinite occurring in the range 3694 - 3624 

cm-1. All factor weights provided positive peaks from alkyl-CH2 group in the range 

2924 - 2852 cm-1. Negative peaks from quartz were shown for the first and third 

factor weights in the range 2000 – 1800 cm-1. The second factor weight also 

appeared to show the presence of the carboxylic acid – COOH group at 1728 cm-1 

(Janik and Skjemstad 1995; Janik et al. 1995) (Figure 4.19).  

 

The calibration model required an optimum of 13 factors. The cross validation 

provided a SECV of 0.28 and R2 0.97 (Figure 4.20). Applying the calibration model to 

the validation dataset gave a SEP of 0.28 and R2 0.98 (Figure 4.21). The 

concordance correlation cρ  provided a value of 0.99 and a RPD of 7.2. This level of 

accuracy was achieved on the removal of the same native pasture soil sample for re-

analysis with 6.71% TOC from the validation dataset. 
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Figure 4.19 SMUs Ballimore-Curban and Bingara Rises combined first, second and 

third PLS factor weights for TOC (0-100 mm soil depth). 

  

 

Figure 4.20 SMUs Ballimore-Curban and Bingara Rises combined PLS regression 

cross validation plot of the estimated TOC% versus Leco dry combustion measured 

TOC% using 13 factors (0-100 mm soil depth). 
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Figure 4.21 SMUs Ballimore-Curban and Bingara Rises combined PLS regression 

plot of the predicted TOC% versus Leco dry combustion measured TOC% using 13 

factors (0-100 mm soil depth). 

 

4.2.5 Separate calibration models for TOC soil < 2.5% and TOC soil > 2.5%  

In this evaluation the Ballimore-Curban and Bingara Rises datasets for the soil 

depths 0-50 mm and 50-100 mm were grouped into two separate datasets consisting 

of soil spectra and laboratory TOC results more and less than 2.5% TOC. The 

separate datasets were then used to build calibration models for more and less than 

2.5% TOC.  

 

The calibration model to estimate and predict TOC less than 2.5% was built using a 

calibration dataset of 210 soil samples, leaving 54 samples for the validation dataset. 

 

All factor weights provided positive peaks from the alkyl-CH2 group in the 

wavenumber range 2927 - 2854 cm-1 and negative peaks from quartz in the range 

2000 – 1800 cm-1. The second and third factor weights respectively presented strong 

negative peaks and positive peaks from kaolinite in the range 3694 - 3624 cm-1 and 

positive peaks for the carboxylic acid -COOH group at 1730 cm-1 and 1720 cm-1 

(Janik and Skjemstad 1995; Janik et al. 1995) (Figure 4.22).  

 

An optimum of 6 factors was required for the calibration model. The estimated values 

for TOC provided a SECV of 0.13 and R2 0.93 (Figure 4.23) while the predicted TOC 
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values for the validation dataset gave a SEP of 0.15 and R2 0.90 (Figure 4.24). The 

concordance correlation cρ  provided a value of 0.94 and RPD of 3.1.  

 

 

Figure 4.22 SMUs Ballimore-Curban and Bingara Rises combined first, second and 

third PLS factor weights for less than 2.5% TOC (0-100 mm soil depth). 

 

 

Figure 4.23 SMUs Ballimore-Curban and Bingara Rises combined PLS regression 

cross validation plot of the estimated TOC% versus Leco dry combustion measured 

TOC% using 6 factors for less than 2.5% TOC (0-100 mm soil depth). 
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Figure 4.24 SMUs Ballimore-Curban and Bingara Rises combined PLS regression 

plot of the predicted TOC% versus Leco dry combustion measured TOC% using 6 

factors for less than 2.5% TOC (0-100 mm soil depth). 

 

The calibration model to estimate and predict TOC more than 2.5% was built using a 

calibration dataset of 90 soil samples, leaving 22 samples for the validation dataset. 

 

The first factor weight provided negative peaks from kaolinite in the wavenumber 

range 3698 - 3624 cm-1 and positive peaks from alkyl-CH2 group at 2924 cm-1 and 

2852 cm-1. Second and third factor weight behaved differently with sharp positive 

peaks from kaolinite in the range 3692 - 3622 cm-1 and negative quartz peaks. There 

may also be a positive peak from carboxylic acid –COOH group for second factor 

weight at 1730 cm-1 (Janik and Skjemstad 1995; Janik et al. 1995) (Figure 4.25). 

 

An optimum of only 2 factors was required by the calibration model. The estimated 

values for TOC provided a SECV of 0.58 and R2 0.92 (Figure 4.26) and the predicted 

values of TOC for the validation dataset gave a SEP of 0.50 and an R2 value 0.74 

(Figure 4.27). The concordance correlation cρ  provided a value of 0.78 and RPD of 

1.19.  
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Figure 4.25. SMUs Ballimore-Curban and Bingara Rises combined first, second and 

third PLS factor weights for more than 2.5% TOC (0-100 mm soil depth). 

 

 

Figure 4.26 SMUs Ballimore-Curban and Bingara Rises combined PLS regression 

cross validation plot of the estimated TOC% versus Leco dry combustion measured 

TOC% using 2 factors for more than 2.5% TOC (0-100 mm soil depth). 
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Figure 4.27 SMUs Ballimore-Curban and Bingara Rises combined PLS regression 

plot of the predicted TOC% versus Leco dry combustion measured TOC% using 2 

factors for more than 2.5% TOC (0-100 mm soil depth). 

 

4.3 Discussion 

The qualitative evaluations using the first three factor weights of the different 

calibration models provided strong correlations between infrared spectra of soil, 

mineral and organic components and laboratory TOC results. Generally the mineral 

components, kaolinite and quartz, had a dominant negative correlation for the first 

factor weight and the organic components, alkyl–CH2 group and carboxylic acid –

COOH group had a greater positive correlation in the second and third factor 

weights. 

 

The quantitative evaluations showed the Ballimore-Curban calibration models for the 

soil depths 0-50 mm, 50-100 mm and 0-100 mm to have an excellent ability to 

estimate and predict TOC with SECV and SEP values less than 0.2. The Bingara 

Rises calibration models were not as accurate with SECV and SEP values as high 

as 0.55 for the soil depth 0-50 mm. The all-inclusive calibration model provided a 

SECV and SEP value of 0.28. A difference in the predictive capacity of calibration 

models for soil samples with low and high organic carbon become more evident 

when the datasets were grouped into less and more than 2.5% TOC. The calibration 

model for less than 2.5% TOC provided a very high accuracy in predicting TOC with 

SEP value of 0.15 whereas the calibration model for more than 2.5% TOC provided 
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considerably less accurate SEP value of 0.50. The calibration models were all 

considered to have high accuracy in predicting TOC with concordance correlation cρ  

values close to 1 (Table 4.2). A value of 1 means there is complete agreement 

between the analysed and predicted TOC results along a 45o line from the origin 

(Tranter et. al. 2008). The RPD values provided by the calibration models were also 

higher than the recommended value of 3. Residual prediction difference greater than 

3 is considered adequate for analytical purposes (Janik et al. 2009). 

 

Table 4.2 SMU calibration models for the estimation and prediction of TOC% 

 

 

 

Estimation of TOC% 

(cross validation) 

Prediction of TOC% 

 

SMU Calibration 

Models 

Soil Depth 

(mm) Factors n1 R
2
 SECV n2 R

2
 SEP cρ  RPD 

Ballimore-Curban 0-50 4 80 0.94 0.15 20 0.99 0.07 0.99 9.17 

Ballimore-Curban 50-100 7 80 0.96 0.08 20 0.98 0.08 0.98 5.86 

Ballimore-Curban  0-100 11 160 0.94 0.13 40 0.98 0.08 0.99 7.4 

Bingara Rises 0-50 3 70 0.93 0.55 17 0.97 0.55 0.98 5.06 

Bingara Rise  50-100 5 70 0.93 0.34 17 0.94 0.23 0.97 4.21 

Bingara Rise  0-100 9 140 0.94 0.42 34 0.97 0.50 0.97 4.8 

All-inclusive  0-100 13 300 0.97 0.28 74 0.98 0.28 0.99 7.2 

All-inclusive < 2.5% 0-100 6 210 0.93 0.13 54 0.90 0.15 0.94 3.1 

All-inclusive > 2.5% 0-100 2 90 0.92 0.58 20 0.74 0.50 0.78 1.19 

 

n1 – Number of samples in the calibration dataset of each SMU calibration model  

n2 – Number of samples in the validation dataset for each SMU calibration model  

R
2
 – Coefficient of determination 

SECV – Standard error of cross validation  

SEP – Standard error of prediction  

cρ  - Concordance correlation coefficient  

RPD – Residual prediction difference 

 

The results for the statistical parameters for the calibration models were comparable 

to a number of previous reported studies for the estimation and prediction of TOC. 

Janik and Skjemstad (1995) showed that by using separate subsets of TOC%, the 

highest accuracy of estimation was achieved with lowest concentration range 0-

2.5%. As a complete set of 298 soil samples a calibration model of 9 factors 
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provided a RMSD (SECV) of 1.084 with a R2 of 0.915. When the dataset was divided 

into separate subsets of TOC% the calibration model for the TOC range 0-2.5% 

required 6 factors in providing a RMSD (SECV) of 0.179 with an R2 of 0.979 whereas 

a calibration model with a TOC range 2.5-10% required 8 factors to give a larger 

RMSD (SECV) of 0.56 and R2 of 0.97. The accuracy of the calibration model for a 

subset of TOC for a range 9-25% required 7 factors and gave the largest RMSD 

(SECV) of 1.63 and lower R2 of 0.892.  

 

 Reeves et al. (2001) provided a study on the ability of mid-infrared DRIFT 

spectroscopy to accurately determine soil properties from different depths, 

geographical locations and tillage practices with different rates of fertilisation. Their 

calibration model for the estimation of TOC of all 180 soil samples, required 13 

factors and with the use of the cross validation technique provided a RMSD (SECV) 

of 963 mg kg-1 (0.0963 TOC%) and R2 of 0.957. A calibration model was also built 

using a random selection of two thirds of the dataset for application on one third 

validation dataset to give a RMSD (SEP) of 1253 mg kg-1 (0.1253 TOC%) and a R2 

of 0.93. The study also evaluated various other combinations of the datasets, 

including comparing tillage based and non-tillage based calibration models and 

calibration models developed for different locations. The calibration model for tillage 

required 7 factors and provided a RMSD (SECV) of 390 mg kg-1 (0.039 TOC%) with 

an R2 of 0.943 whereas the non-tillage required 14 factors and provided a RMSD 

(SECV) of 657 mg kg-1 (0.0657 TOC%) with an R2 of 0.988. They showed that the 

accuracy of prediction was higher using the tillage based calibration model to predict 

no-till samples with a RMSD (SEP) of 3058 mg kg-1 (0.308 TOC%) and a R2 of 

0.906. The calibration models developed for the different locations 1 and 2 

respectively provided a RMSD (SECV) of 917 mg kg-1 (0.0917 TOC%) with a R2 of 

0.956 and a RMSD (SECV) of 652 mg kg-1 (0.0652 TOC%) with a R2 of 0.981. The 

more accurate result for the prediction of soil samples from one location with the 

calibration model developed from another location was a RMSD (SEP) of 1254 mg 

kg-1 (0.1254 TOC%) with a R2 of 0.949.  

 

McCarty et al. (2002) compared the capacity of near-infrared and mid-infrared DRIFT 

spectroscopy to measure total, organic and inorganic carbon in a diverse set of soils. 

The study used 273 soil samples from locations across central United States. At 



 73 

each site the soil samples were collected from adjacent areas under crop production, 

native vegetation and conservation reserve program management. The mid-infrared 

DRIFT spectroscopy calibration model for the estimation of organic carbon samples 

that were acid treated to remove carbonates required 17 factors and using cross 

validation provided a RMSD (SECV) of 1.7 g kg-1 (0.17 TOC%) with an R2 of 0.98. 

The calibration model with random exclusion of one third of the samples for use as a 

validation set, achieved a RMSD (SECV) of 2.4 g kg-1 (0.24 TOC%) with an R2 of 

0.97. The use of an independent validation set provided a RMSD (SEP) of 4.8 g kg-1 

(0.48 TOC%) with an R2 of 0.98.  

 

Viscarra Rossel et al. (2006) provided a review of research results on the accuracy 

mid-infrared DRIFT spectroscopy for the prediction of various soil properties, 

including TOC%. The review showed on average R2 value for the prediction of TOC 

in the region of 0.96. In their own investigations using 118 soil samples a calibration 

model requiring 6 factors provided a RMSD (SECV) of 0.15 with an adjusted 

coefficient of determination (R2 
adj) value of 0.73. The R2 

adj value is a modification of 

R2 that adjusts for the number of independent variables that improves the model and 

its value will be less than or equal to that of R2. 

 

Preliminary evaluations have shown mid-infrared DRIFT spectroscopy can be used 

for the analysis of TOC. The calibration models gave high accuracy in estimating and 

predicting TOC for a wide range of soil types and land uses. Grouping soil samples 

based on the amount of organic carbon can also improve the accuracy of the 

calibration model. The SECV and SEP values were comparable or better than 

previously reported studies. The predicting capacity of the calibration models was 

further supported by the high concordance correlation cρ  values, close to 1 and RPD 

values higher than the recommended 3. This knowledge and success in building 

calibration models for TOC can now be applied to the remaining SMUs. Once 

calibration models have been built for all the SMUs, comparisons in the accuracy to 

estimate and predict TOC can be made with an all-inclusive global calibration model. 

These are presented in the following chapter. 
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5.0 Soil Monitoring Unit and Global Calibration Models 

5.1 Introduction 

This chapter involved providing individual SMU calibration models as the basis for a 

State-wide calibration model. Individual SMU calibration models for a soil depth 0-

100 mm were constructed for the remaining selected SMUs; Inverell Basalts, 

Warialda Sands, Croppa Creek Outwash, Boomi-Whalan Floodplains, Overnewton 

Flats and Duri Hills, using the datasets for the soil depths 0-50 mm and 50-100 mm. 

On completion of the individual SMU calibration models the calibration and validation 

datasets were used to construct and evaluate an all-inclusive global calibration 

model. A comparison was made between the accuracy of the all-inclusive global 

calibration model and the individual SMU calibration models in predicting TOC for 

the same SMU validation datasets. The global calibration model was also further 

assessed for accuracy in the prediction of TOC using the validation dataset divided 

into less and more than 5% TOC. A 5% TOC threshold limit was used as 90% of soil 

samples had < 5% TOC within the calibration dataset and 95% soil samples had < 

5% TOC in the validation dataset. Janik and Skjemstad (1995) showed that a 

calibration model for the analysis of TOC performed better for lower values where 

there was strong representation within the calibration dataset. 

 

Quantitative evaluations only were carried out on the calibration models as 

preliminary qualitative evaluations showed that there was strong correlation between 

infrared spectra of soil, mineral and organic components and laboratory TOC results.  

The estimated TOC for the calibration datasets, using the cross validation technique, 

were measured with the statistical parameters SECV and R2 and the predicted TOC 

for the related validation datasets, with SEP and R2 together with concordance 

correlation coefficient cρ  and RPD.  
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5.2 Results  

5.2.1 Laboratory analysis 

Soil TOC data for the remaining SMUs determined by the LECO CNS-2000 analyser 

are provided for the Inverell Basalts, Warialda Sands (Table 5.1) with respectively 8 

and 10 samplings sites (Table 5.1), Croppa Creek Outwash, Boomi-Whalan 

Floodplains (Table 5.2) and Overnewton Flats, Duri Hills (Table 5.3) all containing 8 

sampling sites. The mean, standard deviation and range in the TOC% was 

calculated for the 10 soil samples taken across each sampling site for the soil depths 

0-50 mm and 50-100 mm using the software, Microsoft Excel 2010. These data, with 

corresponding reflectance spectra of the soil samples, were used to build and 

evaluate the calibration models.  

 

Table 5.1 Total organic carbon data for the SMUs Inverell Basalts and Warialda 

Sands sampling sites determined by the LECO CNS-2000 analyser  

Soil Montoring Unit Sites 

Inverell Basalts 0-50 mm 20 21 22 23 24 25 26 27     

Land Use NP W C C W NP C W     

Mean  TOC% 2.59 6.16 2.03 2.15 8.6 3 1.54 6.99     

Standard Deviation TOC% 0.36 3.63 0.28 0.27 3.89 0.52 0.12 2.16     

Range TOC% 2.2-3.36 2.11-12.11 1.69-2.66 1.67-2.49 0.57-15.45 2.5-4.17 1.31-1.71 4.26-10.3     

Soil Montoring Unit Sites 

Inverell Basalts 50-100 mm 20 21 22 23 24 25 26 27     

Land Use NP W C C W NP C W     

Mean  TOC% 1.98 4.09 1.85 2 4.77 2.35 1.4 4.29     

Standard Deviation TOC% 0.21 1.86 0.32 0.19 1.71 0.13 0.12 1.02     

Range TOC% 1.77-2.26 1.81-8.14 1.7-2.43 1.67-2.21 2.83-8.57 2.2-2.47 1.27-1.59 3.26-6.23     

Soil Montoring Unit Sites 

Warialda Sands 0-50 mm 28 29 30 31 32 33 34 35 36 37 

Land Use W C C NP W NP W C W NP 

Mean  TOC% 0.7 0.44 3.14 0.88 1.41 1.32 2.13 1.08 3.9 1.42 

Standard Deviation TOC% 0.24 0.17 1.78 0.18 0.35 0.68 0.43 0.05 2.32 0.28 

Range TOC% 0.46-1.11 0.17-0.75 1.12-5.82 0.58-1.1 0.89-1.96 0.96-3.19 1.67-2.86 1-1.16 

1.67-

9.75 0.9-1.77 

Soil Montoring Unit Sites 

Warialda Sands 50-100 mm 28 29 30 31 32 33 34 35 36 37 

Land Use W C C NP W NP W C W NP 

Mean  TOC% 0.51 0.33 1.43 0.83 0.7 1.19 1.46 0.98 1.75 1.16 

Standard Deviation TOC% 0.17 0.12 1.15 0.35 0.26 0.32 0.4 0.08 0.73 0.26 

Range TOC% 0.34-0.84 0.12-0.49 0.49-4.46 0.5-1.72 0.42-1.36 0.84-1.75 1.06-2.43 0.93-1.13 

1.14-

3.03 0.81-1.49 

 

*Landuse codes – C (cultivation), NP (native pasture) and W (woodland). 
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Table 5.2 Total organic carbon data for the SMUs Croppa Creek Outwash and 

Boomi-Whalan Floodplains sampling sites by the LECO CNS-2000 analyser 

Soil Montoring Unit Sites 

Croppa Crk Outwash 0-50 mm 38 39 40 41 42 43 44 45 

Land Use NP NP C C W C W NP 

Mean  TOC% 2.11 1.64 0.85 0.72 2.22 1.2 6.31 1.2 

Standard Deviation TOC% 0.69 0.21 0.08 0.06 0.94 0.07 2.66 0.16 

Range TOC% 1.3-3.17 1.37-2.02 0.78-0.98 0.66-0.83 1.19-3.16 1.06-1.29 2.58-11 0.98-1.51 

Soil Montoring Unit Sites 

Croppa Crk Outwash 50-100 mm 38 39 40 41 42 43 44 45 

Land Use NP NP C C W C W NP 

Mean  TOC% 1.53 1.13 0.8 0.72 1.44 1.1 3.23 1.04 

Standard Deviation TOC% 0.27 0.08 0.04 0.06 0.36 0.06 0.88 0.06 

Range TOC% 1.24-1.95 0.99-1.26 0.77-0.91 0.63-0.87 1.06-1.87 1.01-1.15 1.8-4.14 0.94-1.13 

Soil Montoring Unit Sites 

Boomi-Whalan Foodplains 0-50 mm 46 47 48 49 50 51 52 53 

Land Use W C W C W C W C 

Mean  TOC% 2.19 1.23 1.34 1.02 2.6 1.65 1.85 1.69 

Standard Deviation TOC% 0.96 0.06 0.19 0.05 0.84 0.4 0.33 0.19 

Range TOC% 1.02-4.03 1.17-1.38 1.15-1.45 1.01-1.11 1.14-3.85 1.25-2.54 1.23-2.41 1.45-1.85 

Soil Montoring Unit Sites 

Boomi-Whalan Foodplains 50-100 mm 46 47 48 49 50 51 52 53 

Land Use W C W C W C W C 

Mean  TOC% 1.28 1.23 1.21 1.05 2.29 1.13 1.34 1.24 

Standard Deviation TOC% 0.29 0.07 0.08 0.1 2.43 0.16 0.15 0.26 

Range TOC% 0.9-1.73 1.11-1.35 1.14-1.35 0.94-1.23 0.86-8.09 0.9-1.39 1.04-1.59 0.85-1.73 

 

*Landuse codes – C (cultivation), NP (native pasture) and W (woodland). 
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Table 5.3 Total organic carbon data for the SMUs Overnewton Flats and Duri Hills 

sampling sites determined by the LECO CNS-2000 analyser 

Soil Montoring Unit Sites 

Overnewton Flats 0-50 mm 54 55 56 57 58 59 60 61 

Land Use C C NP C NP NP W NP 

Mean  TOC% 0.6 0.79 1.36 0.76 0.83 1.84 1.45 1.11 

Standard Deviation TOC% 0.13 0.13 0.63 0.06 0.21 2.24 0.82 0.85 

Range TOC% 0.4-0.76 0.67-0.85 0.69-2.83 0.66-0.81 0.56-1.22 0.61-7.32 0.68-2.99 0.54-3.1 

Soil Montoring Unit Sites 

Overnewton Flats 50-100 

mm 54 55 56 57 58 59 60 61 

Land Use C C NP C NP NP W NP 

Mean  TOC% 0.54 0.8 1.1 0.64 0.72 1.02 0.96 1.08 

Standard Deviation TOC% 0.12 0.19 0.38 0.1 0.2 0.63 0.4 0.28 

Range TOC% 0.4-0.69 0.6-1.21 0.64-1.97 0.45-0.76 0.57-1.19 0.5-2.36 0.4-1.77 0.71-1.49 

Soil Montoring Unit Sites 

Duri Hills 0-50 mm 62 63 64 65 66 67 68 69 

Land Use C NP W C NP C NP W 

Mean  TOC% 1.21 3.92 6.01 1.41 2.34 1.51 3.9 9.09 

Standard Deviation TOC% 0.07 1.23 2.62 0.15 0.34 0.08 1.07 4.1 

Range TOC% 1.13-1.32 2.69-7.03 3.84-13.18 1.25-1.73 1.86-3.02 1.41-1.68 2.48-6.08 3.07-16.45 

Soil Montoring Unit Sites 

Duri Hills 50-100 mm 62 63 64 65 66 67 68 69 

Land Use C NP W C NP C NP W 

Mean  TOC% 1.18 2.53 2.88 1.38 1.17 1.47 2.7 2.58 

Standard Deviation TOC% 0.07 0.95 0.73 0.09 0.1 0.07 0.58 0.82 

Range TOC% 1.08-1.25 0.72-4.61 2.11-4.2 1.25-1.51 1.06-1.35 1.35-1.58 1.82-4.08 0.92-3.37 

 

*Landuse codes – C (cultivation), NP (native pasture) and W (woodland). 
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5.2.2 Inverell Basalts  

The Inverell Basalt dataset provided a slightly uneven distribution in land use with 

three cultivation and woodland sites, but only two native pasture sites. A large range 

in TOC was found for woodland sites (e.g. 0.57 – 15.45%) compared to cultivation 

(e.g. 1.69 – 2.66%) and native pasture sites (e.g. 2.2- 3.36%) for a 0-100 mm soil 

depth (Table 5.1). The calibration model required an optimum of 5 factors with the 

removal of 6 outliers from the calibration data set of 124 soil samples. Principal 

Component Analysis identified 6 outliers consisting of one cultivation soil sample 

with 1.6% TOC and five woodland samples with 0.57%, 3.39%, 4.82%, 8.82 and 

12.11% TOC, as spectrally significantly different to all other soil spectra in the 

calibration dataset.  

 

The calibration model using the cross validation technique gave a SECV of 0.37 and 

R2 0.98 (Figure 5.1). The model had a SEP of 0.41 and a R2 0.97 when applied to 

the validation dataset of 34 soil samples (Figure 5.2). The concordance correlation 

cρ  provided a value of 0.98 and a RPD of 5.92.  

 

 

Figure 5.1 SMU Inverell Basalts PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 5 factors (0-

100 mm soil depth). 
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Figure 5.2 SMU Inverell Basalts PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 5 factors (0-100 mm soil depth). 

 

5.2.3 Warialda Sands  

An even distribution of land use was provided by the Warialda Sands dataset with 

three cultivation, native pasture and woodland sites. There was a small range in 

TOC for the majority of sites (e.g. 0.96 – 3.19%) (Table 5.1). The calibration model 

required an optimum of 3 factors with the removal of one woodland sample with 

9.75% TOC. The outlier was identified by PCA as spectrally significantly different to 

all other soil spectra in the calibration dataset of 156 soil samples. The cross 

validation gave a SECV of 0.18 and R2 0.96 (Figure 5.3) and the validation dataset 

of 40 samples had a SEP of 0.15 and R2 0.98 (Figure 5.4). The concordance 

correlation cρ  provided a value of 0.99 and RPD of 7.2  
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Figure 5.3. SMU Warialda Sands PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 3 factors (0-

100 mm soil depth). 

 

 

Figure 5.4 SMU Warialda Sands PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 3 factors (0-100 mm soil depth). 

 

5.2.4 Croppa Creek Outwash  

The land use distribution was slightly uneven with three cultivation and native 

pasture sites and two woodland sites. The TOC was predominantly less than 5% for 

all sites, but one woodland site showed a large range in TOC (i.e. 2.58 – 11%) 

(Table 5.2). The calibration model required 10 factors for a calibration dataset of 120 

soil samples with no identification of spectral outliers. The cross validation gave a 
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SECV of 0.24 and R2 0.98 (Figure 5.5) and the calculated SEP and R2 values for the 

validation dataset of 32 soil samples were respectively 0.15 and 0.99 (Figure 5.6). 

The concordance correlation 
cρ  provided a value of 1 and RPD of 11.1.  

 

 

Figure 5.5 SMU Croppa Creek Outwash PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 10 factors (0-

100 mm soil depth). 

 

 

Figure 5.6 SMU Croppa Creek Outwash PLS regression plot of the predicted TOC% 

versus Leco dry combustion measured TOC% using 10 factors (0-100 mm soil 

depth). 
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5.2.5 Boomi Whalan Floodplains 

The land use distribution was uneven with four cultivation and woodland sites, but no 

native pasture sites. All sites contained less than 5% TOC except for one woodland 

site with a large range in TOC (i.e. 0.86 – 8.09%) (Table 5.2). The calibration model 

required 10 factors with the removal of two woodland soil samples from the same 

site 5.32% and 8.09% TOC. The outliers were shown by PCA to be spectrally 

significantly different to all other soil spectra in the calibration dataset of 126 soil 

samples. The cross validation gave a SECV of 0.12 and R2 0.94 (Figure 5.7) and the 

validation dataset of 32 soil samples had a SEP of 0.16 and R2 0.95 (Figure 5.8). 

The concordance correlation cρ  provided a value of 0.97 and a RPD of 4.44. 

 

 

Figure 5.7 SMU Boomi Whalan Floodplains PLS regression cross validation plot of 

the estimated TOC% versus Leco dry combustion measured TOC% using 10 factors 

(0-100 mm soil depth). 
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Figure 5.8.SMU Boomi Whalan Floodplains PLS regression plot of the predicted 

TOC% versus Leco dry combustion measured TOC% using 10 factors (0-100 mm 

soil depth). 

 

5.2.6 Overnewton Flats 

In the land use distribution for the Overnewton Flats dataset there were three 

cultivation and four native pasture sites, but only one woodland site. The TOC across 

the sites was predominantly less than 3% (Table 5.3). The calibration model required 

an optimum of 4 factors with the removal of two native pasture soil samples from 

different sites 7.32% and 1.22% TOC. Outliers were identified by PCA as spectrally 

significantly different to all other soil spectra in the calibration dataset of 112 soil 

samples. The cross validation gave a SECV of 0.11 and R2 0.95 (Figure 5.9). The 

calculated SEP was 0.12 and R2 0.95 for the validation dataset of 32 soil samples 

(Figure 5.10). The concordance correlation provided a value cρ  of 0.97 and RPD of 

4.52. 
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Figure 5.9 SMU Overnewton Flats PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 4 factors (0-

100 mm soil depth). 

 

 

Figure 5.10. SMU Overnewton Flats PLS regression plot of the predicted TOC% 

versus Leco dry combustion measured TOC% using 4 factors (0-100 mm soil depth). 

 

5.2.7 Duri Hills  

The Duri Hills dataset provided three cultivation and native pasture sites with two 

woodland sites. The range in TOC was much larger for the woodland sites (i.e. 2.11 - 

13.18% and 0.92 - 16.45%) than any other land use sites (Table 5.3). The calibration 

model required an optimum of 3 factors for a calibration dataset of 128 soil samples 

with no identification of spectral outliers. The cross validation gave a SECV of 0.37 
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and R2 0.97 (Figure 5.11). The SEP of 0.56 and R2 0.97 was calculated for a 

validation dataset of 32 soil samples (Figure 5.12). The concordance correlation cρ  

provided a value of 0.98 and RPD of 5.46. 

 

 

Figure 5.11 SMU Duri Hills PLS regression cross validation plot of the estimated 

TOC% versus Leco dry combustion measured TOC% using 3 factors (0-100 mm soil 

depth). 

 

 

Figure 5.12 SMU Duri Hills PLS regression plot of the predicted TOC% versus Leco 

dry combustion measured TOC% using 3 factors (0-100 mm soil depth). 
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5.2.8 Summary of Soil Monitoring Unit calibration models 

Overall, the individual SMU calibration models for estimating TOC, with the use of 

the cross validation technique, and predicting TOC for the related validation dataset 

provided SECV and SEP values predominantly less than 0.3 and R2 values in the 

range 0.94 – 0.99. Exceptions to this included the Bingara Rises, Inverell Basalts 

and Duri Hills calibration models with respective SECV values of 0.42, 0.37 and 0.37 

and R2 0.94, 0.98 and 0.97 along with respective SEP values of 0.50, 0.41 and 0.56 

and R2  0.96, 0.97 and 0.97 (Table 5.4). 

 

Table 5.4 SMU calibration models for the estimation and prediction of TOC% 

  

Estimation of TOC% 

(cross validation) 

Prediction of TOC% 

 

SMU Calibration Models Factors n1 R
2
 SECV n2 R

2
 SEP cρ  RPD 

Ballimore-Curban 11 160 0.94 0.13 39 0.98 0.08 0.99 7.4 

Bingara Rises 9 140 0.94 0.42 34 0.97 0.50 0.97 4.8 

Inverell Basalts 5 118 0.98 0.37 34 0.97 0.41 0.98 5.9 

Warialda Sands 3 156 0.96 0.18 40 0.98 0.15 0.99 7.2 

Croppa Creek Outwash 10 120 0.98 0.24 32 0.99 0.15 1 11.1 

Boomi-Whalan Floodplains 10 126 0.94 0.12 32 0.95 0.16 0.97 4.4 

Overnewton Flats 4 112 0.95 0.11 32 0.95 0.12 0.97 4.5 

Duri Hills 3 128 0.97 0.37 32 0.97 0.56 0.98 5.5 

 

n1 – Number of samples in the calibration dataset of each SMU calibration model  

n2 – Number of samples in the validation dataset for each SMU calibration model  

R
2
 – Coefficient of determination 

SECV – Standard error of cross validation  

SEP – Standard error of prediction  

cρ  - Concordance correlation coefficient  

RPD – Residual prediction difference 
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5.2.9 All-inclusive global calibration model  

An all-inclusive global calibration model was constructed using the SMU calibration 

datasets, minus those soil samples that were identified as spectral outliers in the 

building of the calibration models and evaluated using a validation dataset consisting 

of the SMU validation datasets.  

 

The calibration model required an optimum of 19 factors in the calibration of 1060 

soil spectra and laboratory TOC results for estimating and predicting of TOC. The 

calibration model using the cross validation technique gave a SECV of 0.29 and R2 

0.97 (Figure 5.13) and the model had a SEP of 0.36 and R2 0.97 when applied to the 

validation dataset of 275 soil samples (Figure 5.14). The concordance correlation cρ  

provided a value of 0.98 and a RPD of 5.7 

 

 

Figure 5.13 All-inclusive SMUs PLS regression cross validation plot of the estimated 

TOC% versus Leco dry combustion measured TOC% using 19 factors (0-100 mm 

soil depth).  
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Figure 5.14 All-inclusive SMUs PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 19 factors (0-100 mm soil depth). 

 

The all-inclusive global calibration model was further evaluated for prediction of TOC 

using the validation dataset divided into less and more than 5% TOC. The validation 

dataset less than 5%, gave a high accuracy with a SEP of 0.17 and R2 0.97 (Figure 

5.15). The concordance correlation cρ  was 0.98 and a RPD of 5.7. The validation 

dataset more than 5% TOC gave a comparatively low accuracy with a SEP of 1.17 

and R2 0.89 (Figure 5.16). The concordance correlation cρ  value was 0.90 and a 

RPD of 2.42.  

 

 

Figure 5.15 All-inclusive SMUs PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 19 factors for less than 5% TOC. 
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Figure 5.16 All-inclusive SMUs PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 19 factors for more than 5% TOC. 

 

5.2.10 Assessing the accuracy of calibration models  

The all-inclusive global calibration model SECV value 0.29 and R2 0.97 was within 

the range of the SECV values 0.11 - 0.42 and R2 0.94 – 0.98 for the individual SMU 

calibration models (Table 5.5). A comparison of the predictive capacity of the global 

calibration model with the individual SMU calibration models for the same SMU 

validation datasets provided comparable SEP values and R2 together with cρ  and 

RPD values. As was shown by the global calibration model and the Croppa Creek 

Outwash calibration model for the prediction of the Croppa Creek Outwash validation 

dataset with respective SEP values 0.18, 0.15 a R2 0.99 with cρ  of 0.99, 1.0 and 

RPD 9.4, 11.1 (Table 5.6). Also the comparison of the global calibration model and 

the Duri Hills calibration model for prediction of the Duri Hills validation dataset 

respectively gave SEP values of 0.67, 0.56 a R2 0.97 with cρ  0.97, 0.98 and RPD 

4.6, 5.5 (Table 5.6). 
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Table 5.5 All-inclusive global calibration model vs Individual SMU calibration models 

for the estimation of TOC%. 

SMU Calibration Models Factors n R
2
 SECV 

Ballimore-Curban 11 160 0.94 0.13 

Bingara Rises 9 140 0.94 0.42 

Inverell Basalts 5 118 0.98 0.37 

Warialda Sands 3 156 0.96 0.18 

Croppa Creek Outwash 10 120 0.98 0.24 

Boomi-Whalan Floodplains 10 126 0.94 0.12 

Overnewton Flats 4 112 0.95 0.11 

Duri Hills 3 128 0.97 0.37 

All-Inclusive Global  19 1060 0.97 0.29 

 

R
2
 – Coefficient of determination 

SECV - Standard error of cross validation  

n – Number of samples in the calibration dataset of each calibration model 

 

Table 5.6 All-inclusive global calibration model vs Individual SMU calibration models 

for the prediction of TOC%. 

SMU Calibration Models Factors n R
2
 SEP cρ  RPD 

    Global SMU Global SMU Global SMU Global SMU 

Ballimore-Curban 11 39 0.97 0.98 0.10 0.08 0.99 0.99 5.8 7.4 

Bingara Rises 9 34 0.96 0.97 0.52 0.50 0.97 0.97 4.6 4.8 

Inverell Basalts 5 34 0.97 0.97 0.47 0.41 0.98 0.98 4.8 5.9 

Warialda Sands 3 40 0.99 0.98 0.15 0.15 0.99 0.99 7 7.2 

Croppa Creek Outwash 10 32 0.99 0.99 0.18 0.15 0.99 1.00 9.4 11.1 

Boomi Whalan 

Floodplains 10 32 0.95 0.95 0.16 0.16 0.97 0.97 4.4 4.4 

Overnewton Flats 4 32 0.94 0.95 0.16 0.12 0.96 0.97 3.3 4.5 

Duri Hills 3 32 0.97 0.97 0.67 0.56 0.98 0.98 4.6 5.5 
 

 R
2
 – Coefficient of determination  

SEP - Standard error of prediction 

cρ  -  Concordance correlation coefficient  

RPD - Residual prediction difference 

n – Number of samples in the validation dataset for each calibration model 
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5.3 Discussion  

The quantitative evaluations showed the individual SMU calibration models and the 

all-inclusive global calibration model to have high accuracy in the estimation and 

prediction of TOC. In estimating TOC, using the cross validation technique, the 

SECV values were in the range 0.11 - 0.42 and R2 0.94 – 0.98. The predicting 

capacity of the individual SMU calibration models and the all-inclusive global 

calibration model for the same SMU validation datasets gave comparable SEP 

values predominantly less than 0.2 and R2 0.95 - 0.99. The accuracy of the 

calibration models to predict TOC was supported with a concordance correlation 
cρ , 

close to the value of 1 representing complete agreement for all paired, predicted and 

analysed soil samples along a 45o line from the origin (Tranter et. al. 2008). The 

RPD values were all higher than the recommended 3, which is considered adequate 

for analytical purposes (Janik et al. 2009).  

 

The Bingara Rise, Inverell Basalts and Duri Hills calibration models were shown to 

be less accurate in estimating and predicting TOC respectively providing larger 

SECV values 0.42, 0.37, 0.37 and SEP values 0.50, 0.41, 0.56 than the other SMU 

calibration models. This was also shown in the application of the all-inclusive global 

calibration model in the prediction of the Bingara Rises, Inverell Basalts and Duri 

Hills validation datasets with SEP values 0.52, 0.47, 0.67 respectively. The Bingara 

Rises, Inverell Basalts and Duri Hills validation datasets respectively presented a 

large range in TOC 1.31 – 10.55%, 1.31 – 10.93%, 1.11 – 16.45%. 

 

On inspection of the estimation and prediction plots for the SMU calibration models 

and the all-inclusive global calibration model it would appear that the larger SECV 

and SEP values relate to the difficulties in estimating and predicting a number of soil 

samples containing high organic carbon (i.e. > 5% TOC) which were shown to be 

more removed from the majority of samples on the regression lines. The all-inclusive 

global calibration model also revealed difficulties in the prediction of TOC for a 

number of soil samples with high organic carbon when the validation dataset was 

divided into more and less than 5% TOC. There was a high accuracy in predicting 

unknown soil samples with less than 5% TOC with a SEP of 0.17 and R2 0.97 than 

for soil samples with more than 5% TOC with a SEP of 1.17 and R2 0.88.  
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These instances of lower accuracy in estimation and prediction of soil samples with 

high organic carbon may be due to the lack of representation in the calibration 

datasets and also a consequence of the laboratory TOC results being initially square 

root transformed, in order to minimise non-linearity in the calibration of soil spectra 

and laboratory TOC results. Back transforming tended to exaggerate the errors of 

estimation and prediction for those soil samples high in organic carbon. Janik et al. 

(1998) suggested that the low accuracy in the prediction of TOC for soil samples with 

high organic carbon may result from the lack of representation within the calibration 

and possibly from difference in the type of organic carbon.  

 

It is difficult to know exactly why there were occurrences of lower accuracy in the 

estimation and prediction of few soil samples with high organic carbon further 

investigations would need to be carried out with a focus on comparing the accuracy 

of calibration models built specific for the analysis of different range of TOC (e.g. low 

< 2.5%, medium 2.5 - 5% and high > 5).  

 

Principal Component Analysis with the use of score plots for the first four factors and 

the application of the statistical indicator Mahalanobis distance set at 3 identified a 

number of soil samples in the calibration datasets used to build the individual SMU 

calibration models to have significantly different spectra. Spectrally different is 

considered to be the result of the soil sample being physically and chemically 

different to all other soil samples in a particular calibration dataset (Grams/IA 

Software V9R2) and which relates to the soil sample having a different soil 

composition of mineral and organic matter (Janik et. al. 1995; Janik et al. 1998). 

Therefore, those soil samples identified to be spectrally different may have a very 

different mineral and organic matter composition to the majority of soil samples. 

There are a number of different organic functional groups representative of the 

organic component (i.e. alkyl groups –CH2, carboxylic acid COOH, amines and 

aromatic groups) which become active at different mid-infrared wavelengths (Nguyen 

et al. 1991) 
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Despite the small measure of difficulty in estimating and predicting soil samples 

containing high organic carbon particularly over 5% TOC, the individual SMU 

calibration models and the all-inclusive global calibration model provided comparable 

results to that of other research results. Pirie et al. (2005) used 415 soil samples 

from a wide range of locations across NSW and south eastern Queensland 

representing 12 of the 14 orders of the Australian Classification System from the 

surface and subsurface. The soil samples were used to compare the accuracy of 

visible near-infrared spectroscopy and mid-infrared DRIFT spectroscopy in the 

prediction of TOC and other soil properties. The TOC of the soil samples was 

determined using the modified Walkley and Black method. Principal Component 

Regression was used to build the calibration model in relating the soil sample 

spectra with measured soil properties. The prediction of TOC for a validation dataset 

of 190 randomly selected soil samples with large range in TOC <0.1 – 9%, gave a 

SEP of 0.55 and R2 of 0.85 with a RPD of 2.6.  

 

McCarty and Reeves (2006) provided a comparison of visible near-infrared and mid-

infrared DRIFT spectroscopy for the estimation and prediction of soil fertility 

parameters which included organic carbon. A soil dataset of 544 samples from the 

surface and subsurface was taken at a field scale, relating to a particular landscape 

of interest providing a small range in TOC 3.6 – 29.1 g kg-1 (0.036- 2.92%). The TOC 

of the soil samples was determined using dry combustion method. The calibration 

model built using PLS required an optimum of 12 factors for the estimation and 

prediction of organic carbon. The estimation of TOC, using the cross validation 

technique, provided a RMSD (SECV) of 0.94 g kg-1 (0.094 TOC%) with a R2 of 0.96. 

The calibration model, consisting of one third randomly selected soil samples, 

predicted the TOC of the remaining two thirds (i.e. 363 soil samples) validation 

dataset and gave a RMSD (SEP) of 1.6 g kg-1 (0.16 TOC%) and a R2 of 0.88.  

 

Minasny et al. (2009) made investigations into which chemical properties were 

predicted accurately using mid-infrared DRIFT spectroscopy across 3 different 

regions of Australia. Three soil repositories were used representing each of the 

regions; Queensland, NSW, and southern NSW and northern Victoria (Soil Structure 

and Management) (SSM) project. The Queensland data came from Queensland 

Department of Resource Management, New South Wales data from the NSW 
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Department of Environment and Climate Change and the SSM data from the study 

of Geeves et al. (1995). The calibration and validation datasets of each region 

investigated were respectively split randomly into a 70:30 ratio. Quantitative 

predictions of soil properties involved the use of the regression rules approach, 

whereby a special type of regression tree is constructed, instead of using PLSR. The 

TOC of the soil samples was determined using the Walkley and Black method. The 

results for the prediction model of Queensland for the validation dataset of 94 

samples was a mean error of 0.26 g 100 g-1 (0.26 TOC%) with a R2 of 0.83 and RPD 

of 2.4, while the NSW validation dataset of 233 samples provided a mean error of 

0.29 g 100 g-1 (0.29 TOC%) and a RPD of 2.4. The TOC of soils samples taken from 

the southern New South Wales and northern Victoria region was determined using 

the dry combustion method. The validation dataset of 293 samples provided a mean 

error of 0.24 g 100 g-1 (0.24 TOC%) with a R2 of 0.79.  

 

These research results for the estimation and prediction of TOC were comparable to 

the results of the individual SMU calibration models and the all-inclusive calibration 

model proving that the models are of a reasonably high analytical standard. 

 

There appeared to be little difference in the accuracy of estimating and predicting 

TOC using either a series of individual SMU calibration models or an all-inclusive 

global calibration model and the results were all comparable to other research 

results. As a final measure in providing the basis for a State-wide calibration model, 

the datasets were used to build specific land use calibration models and compared 

for accuracy in estimating and predicting TOC with an all-inclusive global calibration 

model. These are presented in the following chapter.  
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6.0 Land Use and Global Calibration Models 

6.1 Introduction 

This chapter involved providing specific land use calibration models, cultivation, 

native pasture and woodland as the basis for a State-wide calibration model. The 

land use calibration models for a soil depth 0-100 mm were constructed using the 

datasets of the SMUs for the soil depth 0-50 mm and 50-100 mm. The land use 

calibration and validation datasets were used to construct and evaluate an all-

inclusive global calibration model. A comparison was made between the accuracy of 

the all-inclusive global calibration model and the land use calibration models in 

predicting TOC for the same land use validation datasets.  

 

Qualitative and quantitative evaluations were carried out on calibration models. 

Qualitative evaluation was assisted by the removal of the quartz spectra from the 

first 3 factor weight spectra of the calibration models, to provide a clearer view of 

positive correlation from the organic functional groups (i.e. alky CH2, carboxylic acid, 

amide I and II) of the soil spectra with the laboratory TOC results (L Janik 2012, pers 

comm., 10 May). The quartz spectra were removed by subtracting the loading weight 

spectra that contained a large amount of quartz, but minimum organic carbon, from 

the factor weight spectra, using the software Grams/A1 V9R2 (Thermo Scientific). 

Spectrally, quartz tends to dominate below the wavenumber of 2000 cm-1 and can 

obstruct the identification of clay and organic matter –OH and –CH peaks (Janik et 

al. 1998). The subtraction of the quartz spectra from factor weight spectra of the land 

use calibration models also assisted in showing the relative contribution of the 

organic functional groups in and predicting TOC (L Janik 2012, pers. comm., 10 

May). In the quantitative evaluations the estimated TOC for the calibration datasets, 

using the cross validation technique, and predicted TOC for the related validation 

datasets were respectively measured using the statistical parameters SECV and 

SEP with R2. The concordance correlation coefficient cρ  was used to show the level 

of accuracy of the predicted TOC values and RPD to test the degree of accuracy of 

the calibration models. 
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6.2 Results  

6.2.1 Cultivation, native pasture and woodland calibration models  

In the qualitative evaluation all factor weights for the different land use gave a 

positive correlation from the alkyl CH2 group with laboratory TOC results shown by 

the positive peaks in the wavenumber range 2924 - 2850 cm-1. The positive 

carboxylic acid –COOH group peak was respectively shown to be small in the first 

factor weight and more obvious in the second factor weight at 1724 cm-1 and 1725 

cm-1 (Janik and Skjemstad 1995; Janik et al. 1995). The third factor weight also 

appears to show positive peaks for the organic functional groups amide I and II in the 

range 1660 – 1530 cm-1 (Stevenson 1994) (Figure 6.1, 6.2 and 6.3). 

 

 

Figure 6.1 Landuse-cultivation first, second and third PLS factor weights for TOC (0-

100 mm soil depth). 
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Figure 6.2 Landuse – native pasture first, second and third PLS factor weights for 

TOC (0-100 mm soil depth). 

 

 

Figure 6.3 Landuse – woodland first, second and third PLS factor weights for TOC 

(0-100 mm soil depth). 

 

A comparison of the same factor weight spectra for different land use calibration 

models identified differences in the contribution of organic functional groups in 

estimating and predicting TOC. The peak heights of the organic functional groups 

indicate the relative contribution (L Janik 2012, pers. comm., 10 May). Overall the 

peak heights for functional alkyl –CH2 group in the wavenumber range 2924 - 2850 

cm-1 and carboxylic acid –COOH group at 1724 cm-1 and 1725 cm-1 indicated an 

increased contribution in the order of cultivation, native pasture with the largest 

contribution shown for woodland for all factor weights (Figures 6.4, 6.5 and 6.6). 
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These differences indicating a greater contribution from organic functional groups for 

the woodland and native pasture calibration models in the estimation and prediction 

of TOC.  

 

 

Figure 6.4 Landuse – cultivation, native pasture and woodland first PLS factor weight 

for TOC (0-100 mm soil depth). 

 

 

Figure 6.5 Landuse – cultivation, native pasture and woodland second PLS factor 

weight for TOC (0-100 mm soil depth). 
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Figure 6.6 Landuse – cultivation, native pasture and woodland third PLS factor 

weight for TOC (0-100 mm soil depth). 

 

The cultivation dataset provided a large range in TOC (i.e. 0.12 – 8.63%) with a 

mean of 1.36%. The calibration model required an optimum of 18 factors for the 

calibration of 457 soil spectra and laboratory TOC results with no identification of 

spectral outliers. The calibration model with the use of the cross validation technique 

provided a SECV of 0.15 and R2 0.96 (Figure 6.7) and applying of the calibration 

model to the validation dataset of 114 samples gave a SEP of 0.12 and R2 0.98 

(Figure 6.8). The concordance correlation cρ  value of 0.99 and a RPD of 6.1.  

 

 

Figure 6.7 Landuse - cultivation PLS regression cross validation plot of the estimated 

TOC% vs Leco dry combustion measured TOC% 18 factors (0-100 mm soil depth). 
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Figure 6.8 Landuse – cultivation PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 18 factors (0-100 mm soil depth). 

 

The native pasture soil dataset provided a large range in TOC (i.e. 0.39 – 7.32%) 

with a mean of 1.86%. The native pasture calibration model required an optimum of 

18 factors for the calibration of 327 soil samples with no identification of spectral 

outliers. The cross validation gave a SECV of 0.18 and R2 0.97 (Figure 6.9) and the 

calculated SEP and R2 values for the validation dataset of 79 samples were 

respectively 0.17 and 0.97 (Figure 6.10). The concordance correlation cρ  provided a 

value of 0.99 and RPD of 5.9 

 

Figure 6.9 Landuse – native pasture PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 18 factors (0-

100 mm soil depth). 
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Figure 6.10 Landuse – native pasture PLS regression plot of the predicted TOC% 

versus Leco dry combustion measured TOC% using 18 factors (0-100 mm soil 

depth). 

 

The woodland dataset provided the largest range in TOC (i.e. 0.34 – 16.45%) with a 

mean of 3.31%. The calibration model required an optimum of 16 factors, with the 

removal of 5 outliers from the calibration dataset of 293 samples. Principal 

Component Analysis identified the soil samples to be spectrally significantly different 

to all other soil spectra in the calibration dataset with a TOC of 0.57%, 3.93%, 

4.82%, 8.82% and 12.11%. The cross validation provided an SECV of 0.47 and R2 

0.97 (Figure 6.11) and a SEP of 0.51 and R2 0.97 was calculated for a validation 

dataset of 75 samples. The concordance correlation cρ  provided a value of 0.99 and 

a RPD of 6.0 (Figure 6.12). 
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Figure 6.11 Landuse – woodland PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 16 factors (0-

100 mm soil depth). 

 

 

Figure 6.12 Landuse – woodland PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 16 factors (0-100 mm soil depth). 
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6.2.2 All-inclusive global calibration model 

An all-inclusive global calibration model was constructed using the land use 

calibration datasets, minus any outliers and evaluated using a validation dataset 

consisting of the land use validation datasets.  

 

The all-inclusive global calibration model required 19 factors to account for all 

variance in 1072 soil spectra and laboratory TOC results for the estimating and 

predicting of TOC. The cross validation technique provided a SECV of 0.30 and R2 

0.97 (Figure 6.13) and applying the calibration model to the validation dataset of 268 

samples gave a SEP of 0.27 and R2 0.98 (Figure 6.14). The concordance correlation 

cρ  provided a value of 0.99 and a RPD of 7.33. 

 

 

Figure 6.13 All-inclusive land use PLS regression cross validation plot of the 

estimated TOC% versus Leco dry combustion measured TOC% using 19 factors (0-

100 mm soil depth).  
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Figure 6.14 All-inclusive land use PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 19 factors (0-100 mm soil depth). 

 

6.2.3 Assessing the accuracy of calibration models  

The all-inclusive global calibration model SECV value 0.31 and R2 0.97 was within 

the range of the SECV values 0.15 – 0.47 and R2 0.96 - 0.97 for the land use 

calibration models (Table 6.1). A comparison of the predictive capacity of the global 

calibration model with the land use calibration models for the same land use 

validation datasets provided comparable SEP values and R2 with cρ  and RPD 

values. In the prediction of the cultivation validation dataset, the global and 

cultivation calibration model respectively gave SEP values 0.16, 0.12 a R2 0.97, 0.98 

with 
cρ  of 0.98, 0.99 and RPD 4.69, 6.01. A comparison of the global and native 

pasture calibration model gave SEP values 0.19, 0.17 a R2 0.96, 0.97 with cρ  of 

0.98, 0.99 and RPD 5.35, 5.89. The prediction of the woodland calibration data set 

with the global and woodland calibration model respectively gave SEP values 0.56, 

0.51 a R2 0.97 with cρ  of 0.98, 0.99 and RPD 5.54, 6.02. By restricting the woodland 

validation dataset to 57 soil samples containing less than 5% TOC, the all-inclusive 

global calibration model and woodland calibration model respectively gave an 

improved SEP value 0.25, 0.31 and R2 0.97, 0.95 with cρ  of 0.98, 0.97 and RPD 

5.20, 4.16 (Table 6.2) (Figures 6.15 and 6.16).  
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Table 6.1 All-inclusive global calibration model vs land use calibration models for the 

estimation of TOC%. 

Calibration Models Factors n R
2
 Factors SECV 

All-inclusive global  19 1072 0.97 19 0.30 

Cultivation 18 457 0.96 18 0.15 

Native Pasture 18 327 0.97 18 0.18 

Woodland 16 288 0.97 16 0.47 

 

R
2 
–Coefficient of determination  

SECV - Standard error of cross validation 

n – Number of samples in the calibration dataset of each calibration model 

 

Table 6.2 All-inclusive global calibration model vs land use calibration models for the 

prediction of TOC%. 

Landuse n R
2
 SEP cρ  RPD 

   Landuse Global Landuse Global Landuse Global Landuse Global 

Cultivation 114 0.98 0.97 0.12 0.16 0.99 0.98 6.01 4.69 

Native Pasture 79 0.97 0.96 0.17 0.19 0.99 0.98 5.89 5.35 

Woodland 75 0.97 0.97 0.51 0.56 0.99 0.98 6.02 5.54 

 n R
2
 SEP cρ  RPD 

Validation dataset 

 less than 5% TOC  Landuse Global Landuse Global Landuse Global Landuse Global 

Woodland 57 0.95 0.97 0.31 0.25 0.97 0.98 4.16 5.20 

 

R
2
 – Coefficient of determination  

SEP - Standard error of prediction  

cρ - Concordance correlation coefficient 

RPD - Residual prediction difference 

n – Number of samples in the validation dataset for each calibration model 
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Figure 6.15 All-inclusive land use PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 19 factors (0-100 mm soil depth) less 

than 5% TOC 

 

 

Figure 6.16 Landuse – woodland PLS regression plot of the predicted TOC% versus 

Leco dry combustion measured TOC% using 16 factors (0-100 mm soil depth) less 

than 5% TOC. 
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6.3 Discussion  

In the qualitative evaluation of the land use calibration models the factor weight 

spectra minus the quartz spectra for the first 3 factor weights was used in assessing 

the correlation of organic functional groups of the soil spectra with laboratory TOC 

results and also the contribution in estimating and predicting TOC. The first 3 factor 

weight spectra provided a positive correlation from the organic functional groups, 

alkyl-CH2, carboxylic acid –COOH and amide I and II of the soil spectra with 

laboratory TOC results. The woodland and native pasture calibration models were 

shown to have factor weight spectra with high absorption peaks for the organic 

functional groups alkyl–CH2 and carboxylic acid –COOH than the factor weight 

spectra of the cultivation calibration model indicating a larger contribution in 

estimating and predicting TOC.  

 

This procedure for determining the contribution from organic functional groups of 

calibration models in the estimation and prediction of TOC may have potential 

application in distinguishing the quality of organic matter in the soil, in particular 

where there are different farming practices, land uses and vegetation cover.  

 

There appear to be few publications if any on the use of factor weight spectra for 

distinguishing the quality of organic matter in soil. There are however reported 

studies on using mid-infrared DRIFT spectroscopy to differentiate soil organic matter 

forms and showing the impacts of farming systems on soil organic matter 

composition. Haberhauer and Gerzabek (1998; 1999) used information from FT-IR 

transmission and diffuse reflectance spectra to investigate the decomposition 

processes of spruce litter in soil. The analysis of the spectra showed that changes in 

the intensity of several bands were correlated with the soil organic horizons and that 

change in the intensities of specific peaks (e.g. 1510 cm-1) could measure the 

decomposition status of the forest litter. The applications of the regression models 

were also successful in the differentiation of organic forest soil horizons and 

decomposition status.  

 

Wander and Traina (1996) assessed the impacts of organic and conventional 

farming systems on the chemical compositions of soil organic matter fractions (i.e. 

humic acid, fulvic acid, particulate organic matter and litter). Diffuse reflectance 
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spectra and peak ratios O/R (i.e. reactive O containing and recalcitrant C, H and/or N 

containing functional groups) were able to show the relative reactivity of soil organic 

matter fractions and semi-quantitatively that the farming systems influence the 

organic matter composition. Ding et al. (2002) evaluated the impacts of tillage 

(conventional vs conservation) management on soil organic matter characteristics 

using a range of spectroscopic instrumentation, including mid-infrared DRIFT 

spectroscopy for assessing the humic acid fraction. The spectra of all humic acid 

fraction samples from conventional and conservation systems were similar in their 

basic peak assignments. However, based on the peak ratio comparisons, the total 

O/R ratio of humic acid for the conservation tillage system was significantly greater 

than the conventional tillage system at 0-5 cm, indicating that humic acid fraction 

contained more recalcitrant functional groups in the conventional tillage system.  

 

In a recent study Demyan et al. (2012) assessed the specific peak area for a range 

of organic functional groups to show changes in the composition of organic matter 

using different soil treatments (i.e. farm yard manure every second year, yearly 

mineral NPK fertilise, farmyard manure every second year with NPK mineral fertilise) 

on a Chernozem soil. The ratio of the relative peak areas at 1620 cm-1 (i.e. aromatic 

stable organic matter peak) and 2930 cm-1 (i.e. aliphatic labile organic matter peak) 

were shown to be a useful indicator of changes in labile and stable carbon in bulk 

soil samples for the different soil treatments.  

 

These techniques that have been developed to distinguish the quality of organic 

matter using mid-infrared DRIFT spectroscopy of soil spectra may also be applied to 

the factor weight spectra of calibration models used in the estimation and prediction 

of TOC. 

 

Quantitative evaluations showed the land use calibration models and the all-inclusive 

global calibration model to have high accuracy in the estimation and prediction of 

TOC. In the estimation of TOC, using the cross validation technique, SECV values 

were in the range 0.15 – 0.47 and R2 0.96 - 0.97. The predictive capacity of the land 

use calibration models and the all-inclusive global calibration model were shown to 

have comparable accuracy in the prediction of TOC for the same land use validation 

datasets. The cultivation and native pasture calibration models together with the 



 109 

global calibration model provided SEP values less than 0.2 and R2 0.96 – 0.97. The 

accuracy of the calibration models predicting TOC was also supported with a 

concordance correlation 
cρ , close to the value of 1 representing complete 

agreement for all paired, predicted and analysed soil samples along a 45o line from 

the origin (Tranter et. al. 2008) and RPD values that were all higher than the 

recommended 3, considered adequate for analytical purposes (Janik et al. 2009).  

 

The woodland calibration model was shown to be slightly less accurate in estimating 

and predicting TOC with a larger SECV of 0.47 and SEP of 0.51 than the other land 

use calibration models and the application of the all-inclusive global calibration 

model on the woodland validation dataset gave a larger SEP of 0.56. In restricting 

the woodland validation dataset to soil samples containing less than 5% TOC there 

was an improvement in the predictive capacity of the global calibration model and 

the woodland calibration model with SEP values of 0.25 and 0.32 respectively. As 

previously explained the lower accuracy in the prediction of unknown soil samples 

with high organic carbon may be due to the lack of representation of the soil samples 

in the calibration datasets and the larger errors becoming exaggerated on back 

transforming the predicted TOC values.  

 

Carrying out the same procedure as applied for the individual SMU calibration 

models, PCA with the use of score plots for the first four factors and the application 

of the statistical indicator Mahalanobis distance set at 3 identified soil samples in the 

land use, woodland calibration datasets to have significantly different spectra a result 

of being physically and chemically different (Grams/IA Software V9R2) and which 

relates to having a different soil composition of mineral and organic matter (Janik et. 

al. 1995; Janik et al. 1998). The same soil samples were also identified in the 

calibration dataset used to build the Inverell Basalt calibration model.  

 

At the end of these investigations the results indicate that the all-inclusive global 

calibration model had equal capacity to estimate and predict TOC to the land use 

calibration models and in the same way shown for the individual SMU calibration 

models. It is therefore concluded that an all-inclusive global calibration model would 

provide a suitable basis for the State-wide calibration model.  
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7.0 Estimating Soil Organic Carbon Fractions 

7.1 Introduction 

This component of work aimed to determine the suitability and accuracy of mid-

infrared DRIFT spectroscopy for the estimation of carbon fractions using data 

generated from the CSIRO fractionation method (Sanderman et al. 2011) and the 

Zimmerman et al. (2006) fractionation method. The fractionation methods have both 

been used to initialise the Roth C model for simulating carbon loss and 

sequestration. The different carbon fractions are adjusted to be compatible to the 

Roth C fractions. They include easily decomposable plant material (DPM), resistant 

plant material (RPM), microbial biomass (BIO), inert organic matter (IOM) and humic 

pools (HUM). The inclusion of mid-infrared DRIFT spectroscopy for carbon fraction 

analysis would provide more rapid analysis and measurement of fractions facilitating 

soil organic carbon modelling. 

 

7.2 Materials and Methods  

7.2.1Soil samples  

The Northern Tablelands Basalts, SMU was selected to provide three replicates of 

each different land uses, cultivation, native pasture and woodland. The soil samples 

were freshly collected from 9 soil sampling sites using the same method for the TOC 

soil samples. Composite soil samples were made from bulking samples taken across 

10 sampling points at each sampling site for the soil depths 0-50 mm and 50-100 

mm.  

 

7.2.2 Soil organic carbon fractions and spectral analysis 

The Zimmerman et al. (2006) fractionation method was as follows. Thirty grams of 

soil (<2 mm) were added to 150 mls of water for dispersion with a calibrated 

ultrasonic probe-type (Branson, Sonifer 250, USA). The dispersed soil was wet 

sieved over a 63 µm aperture sieve until the rinsing water was clear. This process 

separated the particulate organic matter (POM) and the sand and stable aggregate 

(S + A) fractions > 63 µm from finer size, silt and sand (s + c) fraction. The POM 

fraction and (S + A) fraction was dried at 40oC and weighed. The suspension < 63 

µm was filtered through a 0.45 µm aperture nylon mesh and the silt and clay fraction 
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(s + c) > 0.45 µm was dried and weighted. The amount of dissolved organic carbon 

(DOC) was measured from an aliquot of filtrate < 0.45 µm.  

 

The POM and (S +A) fraction were separated by stirring the fractions with sodium 

iodide (NaI) with a density of 1.8 g cm-3 and then centrifuged at 1000 g for 15 

minutes. The POM fraction and (S + A) fraction were washed with deionized water to 

remove all NaI, and then dried at 40oC and weighed. The chemically resistant C 

fraction (rSOC) was extracted from the (s + c) fraction by sodium hypochlorite 

(NaOCl) oxidation. One gram of (s + c) fraction was oxidised for 18 hours at 25oC 

with 50 mls of 6% NaOCl adjusted to pH 8 with concentrated HCl. The oxidation 

residue was centrifuged at 1000 g for 15 minutes, decanted, washed with deionized 

water, and then centrifuged again. This oxidation step was repeated twice. On 

completion, the solid fractions were analysed with the dry combustion LECO carbon 

analyser (TruSpec CN, USA) and liquid samples with the thermal oxidation liquid 

analyser (Laboratory TOC Analyser, Sieves InnovOx, USA). 

 

In using the CSIRO fractionation method (Sanderman et al. 2011) only the 

particulate organic carbon (POC) fraction was determined, which relates to the 

procedures of Method 6C1 of Rayment and Lyons (2011). The amount of charcoal 

(Char C) in the soil was not determined in this work due to logistical constraints. The 

procedure for POC fraction started with the identification of carbonates using HCl 

followed by its removal using sulfurous acid (H2SO3). The soil samples were 

saturated with sodium hexametaphosphate (NaPO3)6 for the dispersal of soil material 

by shaking overnight. The dispersed soil samples were then emptied onto a 50 µm 

sieve within a Fritsch vibratory sieve shaker with modular controller (i.e. water pump) 

for the separation of the POC fraction > 50 µm. Total organic carbon was also 

analysed at the end of the POC fraction analysis in accordance with the procedures 

of Method 6B3 of Rayment and Lyons (2011). The LECO carbon analyser (TruSpec 

CN, USA) was used in the analysis of POC fraction and TOC.  

 

Composite soil samples were prepared for spectral analysis using the same method 

for TOC soil samples. The composite soil samples were ground to less than 200 µm 

using a steel puck mill for 2 minutes, before the recording of spectra using the mid-
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infrared DRIFT spectrometer, Perkin – Elmer Spectrum One TM mid-FTIR laboratory 

bench spectrometer.  

 

7.2.3 Calibration and estimation  

The calibration models for the carbon fractions provided by the CSIRO fractionation 

method (Sanderman et al 2011) and the Zimmerman et al. (2006) fractionation 

method were constructed using the combined spectral data and laboratory TOC 

results from the datasets of the soil depths 0-50 mm and 50-100 mm to give a soil 

depth 0-100 mm.  

 

Calibration models were built using the same multivariate calibration techniques, 

used for the TOC calibration models. This involved the use of the software 

PLSplus/IQ V8 (Galactic) and GRAMS/AI Version 9R2 (Thermo Scientific). Principal 

Component Analysis was used to identify outliers, soil samples that were spectrally 

significantly different to the samples of the calibration datasets and PLS analysis was 

used to identify any further outliers with the inclusion of laboratory results and to 

build the carbon fraction calibration models.  

 

In the quantitative evaluations the accuracy of the carbon fraction calibration models 

to estimate carbon percentage, with the use of the cross validation technique, was 

measured using the statistical parameters SECV and R2. It was not possible to test 

the predictive capacity of calibration models with a separate validation dataset, 

because of the small size of calibration datasets.  
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7.3 Results  

7.3.1 Laboratory analysis  

The carbon percentage of the organic carbon fractions provided by the CSIRO 

fractionation method and Zimmerman et al. (2006) fractionation method are provided 

in Tables (7.1 and 7.2). 

 

Table 7.1 CSIRO fractionation method (Sanderman et al. 2011) carbon percentage 

for POC fraction and TOC for 0-50 mm and 50-100 mm soil depth. 

Northern Tablelands Basalts Land Use Soil Depth (mm) POC % TOC% 

Site 70 Woodland 0-50 1.08 3.67 

  50-100 0.34 1.85 

Site 71 Cultivation 0-50 0.73 3.22 

  50-100 0.21 2.60 

Site 72 Native Pasture 0-50 0.43 2.30 

  50-100 0.17 1.46 

Site 73 Woodland 0-50 1.78 4.25 

  50-100 0.60 2.49 

Site 74 Native Pasture 0-50 1.06 3.65 

  50-100 0.23 1.81 

Site 75 Cultivation 0-50 0.50 1.90 

  50-100 0.14 1.04 

Site 76 Cultivation 0-50 1.03 2.90 

  50-100 0.46 2.18 

Site 77 Woodland 0-50 2.70 6.08 

  50-100 0.62 3.05 

Site 78 Native Pasture 0-50 1.20 3.32 

  50-100 0.26 1.71 

 

POC% – Particulate organic carbon percentage  

TOC% – Total organic carbon percentage 
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Table 7.2 Zimmerman et al. (2006) fractionation method percentage carbon for 

POM, DOM, (S+A), (s+c), rSOC fractions and TOC for 0-50 mm and 50-100 mm soil 

depth.  

Northern 

Tablelands 

Basalts Land Use Soil Depth (mm) POM% DOC % (S+A) % (s+c) % rSOC% TOC % 

Site 70 Woodland 0-50 0.48 0.03 1.53 2.12 0.79 4.16 

  50 -100 0.19 0.03 0.80 1.36 0.52 2.38 

Site 71 Cultivation 0-50 0.17 0.02 0.99 2.68 1.27 3.86 

  50 -100 0.08 0.02 0.53 2.41 1.09 3.04 

Site 72 Native Pasture 0-50 0.17 0.02 0.65 1.76 0.71 2.6 

  50 -100 0.08 0.01 0.37 1.24 0.47 1.7 

Site 73 Woodland 0-50 0.91 0.03 2.55 1.42 0.56 4.91 

  50 -100 0.23 0.02 1.06 1.55 0.70 2.86 

Site 74 Native Pasture 0-50 0.23 0.02 1.59 1.92 0.68 3.76 

  50 -100 0.10 0.01 0.50 1.36 0.46 1.97 

Site 75 Cultivation 0-50 0.22 0.02 0.56 1.30 0.51 2.1 

  50 -100 0.07 0.01 0.26 0.89 0.32 1.23 

Site 76 Cultivation 0-50 0.20 0.01 1.46 1.56 0.58 3.23 

  50 -100 0.10 0.01 0.85 1.49 0.57 2.45 

Site 77 Woodland 0-50 0.73 0.06 2.30 2.97 1.29 6.06 

  50 -100 0.33 0.02 0.82 2.11 0.84 3.28 

Site 78 Native Pasture 0-50 0.26 0.01 1.89 1.55 0.66 3.71 

  50 -100 0.14 0.01 0.71 1.34 0.52 2.2 

 

DOC% – Dissolved organic carbon percentage 

POM% - Particulate organic matter (light fraction) percentage 

(S + A)% – Sand and stable aggregates percentage 

(s + c)% – Silt and clay particles percentage 

(rSOC)% – Oxidised resistant carbon percentage (i.e. inert organic carbon) 

TOC% = DOC% + POM% + (S + A)% + (s + c)%  

 

7.3.2 CSIRO fractionation method  

Calibration model for the POC fraction required an optimum of 8 factors for a 

calibration dataset of 18 soil samples and with the use of the cross validation 

technique provided a SECV of 0.27 and R2 0.83 (Figure 7.1). The calibration model 

for TOC required 7 factors to obtain a SECV of 0.32 and R2 0.93 (Figure 7.2).  

 



 115 

 

Figure 7.1 SMU Northern Tablelands Basalts POC fraction PLS regression cross 

validation plot of the estimated POC% versus Leco dry combustion measured 

POC% using 8 factors (0-100 mm soil depth). 

 

 

Figure 7.2 SMU Northern Tablelands Basalts PLS regression cross validation plot of 

the estimated TOC% versus Leco dry combustion measured TOC% using 7 factors 

(0-100 mm soil depth). 
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7.3.3 Zimmerman fractionation method  

Calibration models were built for each organic carbon fraction except for the DOC 

fraction, as no correlations could be found between the mid-infrared spectra and 

laboratory DOC results. To build the calibration models for the organic carbon 

fractions, POM, (S + A), (s + c) and rSOC, PCA identified a common outlier, 

woodland soil sample with 4.91% TOC, as spectrally significantly different to all other 

spectra in the calibration datasets. The soil sample was removed from the datasets.  

 

The POM fraction which represents the lighter fraction > 63 µm provided a 

calibration model requiring an optimum of 8 factors and with the use of the cross 

validation technique, gave a SECV of 0.082 and R2 0.74 (Figure 7.3).  

 

 

Figure 7.3 SMU Northern Tablelands Basalts POM fraction PLS regression cross 

validation plot of the estimated POM% versus Leco dry combustion measured 

POM% using 8 factors (0-100 mm soil depth). 

 

The calibration model for the heavier fraction > 63 µm, (S + A) required 3 factors and 

provided a SECV of 0.4 and R2 0.5 (Figure 7.4). 
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Figure 7.4 SMU Northern Tablelands Basalts (S + A) fraction PLS regression cross 

validation plot of the estimated (S + A)% versus Leco dry combustion measured (S + 

A)% using 3 factors (0-100 mm soil depth). 

 

The calibration model for the (s + c) fraction required 4 factors provided a SECV of 

0.19 and R2 0.87 (Figure 7.5) The last carbon fraction calibration model for the inert 

portion, rSOC, required 3 factors for a SECV of 0.12 and R2 0.79 (Figure 7.6). 

 

 

Figure 7.5 SMU Northern Tablelands Basalts (s + c) fraction PLS regression cross 

validation plot of the estimated (s + c)% versus Leco dry combustion measured       

(s + c)% using 4 factors (0-100 mm soil depth). 
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Figure 7.6.SMU Northern Tablelands Basalts rSOC fraction PLS regression cross 

validation plot of the estimated rSOC% versus Leco dry combustion measured 

rSOC% using 3 factors (0-100 mm soil depth). 

 

7.4 Discussion  

A reasonably high accuracy was achieved using mid-infrared DRIFT spectroscopy 

with the CSIRO fractionation method, for a very limited calibration dataset, in 

estimating the POC fraction to give a low SECV of 0.27 and R2 0.82. The results 

were also comparable with those of Janik et al. (2007) who used a much larger 

calibration dataset from a range of different soil types, generally representative of 

Australian soils. Janik et al (2007) calibration model for the estimation of POC 

fraction using a calibration dataset of 141 soil samples gave a SECV of 1.13 and R2 

0.71.  

 

The results for the use of mid-infrared DRIFT spectroscopy with the Zimmerman et 

al. (2006) fractionation method were shown to have an overall poorer accuracy in 

estimating carbon for the different fractions. The best calibration models were 

respectively for the POM, (s + c) and rSOC fractions with SECV values 0.082, 0.19 

and 0.12 and R2 0.74, 0.87 and 0.79. The CSIRO fraction equivalent for rSOC 

fraction is the inert charcoal (Char C) fraction which is a more difficult fraction to 

determine.  
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The possibility of being able use mid-infrared DRIFT spectroscopy to build an 

accurate calibration model for rSOC fraction representing the inert charcoal (Char C) 

fraction would be a significant step forward in providing a cost effective option to the 

conventional laboratory analysis. The Char C fraction analysis involves a lengthy and 

expensive procedure involving hydrodfluoric acid (HF) treatment and 13C nuclear 

magnetic resonance (NMR) analysis.  

 

No calibration model could be built for the DOC fraction due to poor correlation of 

mid-infrared spectra with laboratory DOC results and the (S+A) calibration model 

was not as strong as the other models. This situation may be improved by increasing 

the size of calibration dataset to expand the correlations of the spectral data with 

analysed fraction data. It was not possible to compare the organic carbon fraction 

results with those of Zimmerman et al. (2007) as they referred to the prediction of 

samples used in the validation of the different calibration models. Zimmerman et al. 

(2007) results were considered for all fractions except DOC to be acceptable, 

however, with unconvincing weak relative SEP and RPD values.  

 

In determining the suitability and accuracy of mid-infrared DRIFT spectroscopy for 

the estimation of carbon fractions the CSIRO fractionation method was shown to 

provide an adequate calibration model for POC fraction and the Zimmerman et al. 

(2006) fractionation method also gave reasonably accurate calibration models for 

POM, (s + c) and rSOC fractions. The possibility of providing a calibration model for 

the rSOC fraction is a significant advantage over the CSIRO fractionation method 

where the conventional laboratory analysis of the inert charcoal (Char C) fraction is 

very time consuming and expensive. Therefore, mid-infrared DRIFT spectroscopy 

has the potential to be a valuable tool in predicting sol carbon fractions but requires a 

significant investment of soil spectral and analytical data to establish a reliable and 

robust carbon fraction calibration.  

 

 

 

 

 

 



 120 

8.0 Future of MIR DRIFT Spectroscopy for the Analysis of TOC  

There is a growing demand for mid-infrared DRIFT spectroscopy to provide relatively 

inexpensive soil organic carbon information across a landscape or indeed the 

country for use in making management decisions, and rapidly monitor soil health and 

condition. Reeves (2010) provided an insight into the current status of the science for 

visible near-infrared and mid-infrared DRIFT spectroscopy and the questions and 

concerns that need to be considered before the technology can have large scale 

implementation for soil analysis in carbon sequestration or improving farming 

practices in general. They included:  

• should the calibration extent be undertaken on a field, national or global scale,  

• spectrum acquisition, should it be laboratory, in-situ or on-site, 

• biases occurring in the transfer of calibration data between different 

spectrometers and in the combining of calibration datasets,  

• working out a compromise between having many results of reasonable 

accuracy and fewer results of high accuracy,  

• inclusion of other necessary information like bulk density for the calculation of 

the quantity of carbon within the soil, 

• need to standardise analytical methods (e.g. carbon fractions), 

• deciding on which carbon fraction should be measured, with each form having 

different abilities for sequestering carbon, 

• looking at the potential of near-infrared and mid-infrared DRIFT spectroscopy 

to predict sequestered carbon source materials (e.g. crop residues, root 

materials, manures) and 

• in building calibration models, it is important to select the most suitable 

chemometrics for use on organic carbon. 

 

Bellone-Maurel and McBratney (2011) recently provided a review of the research 

work on visible near-infrared and mid-infrared analysis of soil organic carbon in all 

forms (i.e. NIR, MIR, in the laboratory or field) for carbon inventory measurement. 

The review compared the different methods using the same validation procedures 

(i.e. cross validation technique and fully independent validation) with the 

performance indices SEP, bias and RPD. Mid-infrared DRIFT spectroscopy was 

found to be the most reliable for measuring organic carbon in the laboratory with 
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visible-near infrared spectroscopy having greater application for measurement of 

organic carbon under field conditions (i.e. probe in the hole (Ben-Dor et al. 2008) or 

Christy (2008) on the go devices) providing satisfactory results at low cost. However, 

to maximise the cost effectiveness of visible-near infrared spectroscopy for carbon 

sequestration assessment there is a need to simultaneously measure either the bulk 

density or directly measure the volumetric concentration of carbon in soil. The 

measurement of bulk density with visible-near infrared spectrometry was shown to 

be difficult and unreliable and a need was identified for reliable calibrations with 

respect to volumetric concentration of carbon (i.e. mass carbon per unit volume of 

soils). 

 

However, Veris ® technologies (www.veristech.com) have set up an on the go 

system for measuring soil carbon sequestration by accounting for bulk density with 

the use of auxiliary sensors such as a probe insertion force sensor. The 

methodology is able to provide a baseline of soil carbon content, accommodating soil 

heterogeneity, and determine the amount of carbon that has been sequestrated 

based on a 90% confidence level from baseline measurements.  

 

Mid-infrared DRIFT spectroscopy for the analysis of soil organic carbon is still largely 

restricted to soil research laboratories. It is yet to become commercialised for the 

analysis of soil organic carbon or for in the field assessment of organic carbon 

sequestration. However, with the ongoing research and development of infrared 

spectroscopy for soil analysis it is only a matter time that the constraints are 

overcome for widespread adoption.  
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9.0 Conclusions and Outcomes 

9.1 Conclusions 

The Ballimore-Curban and Bingara Rises SMU datasets for the soil depths 0-50 mm 

and 50-100 mm were used in the preliminary evaluation of mid-infrared DRIFT 

spectroscopy for the analysis of TOC. Preliminary evaluations assessed the 

correlation between infrared spectra of soil, mineral and organic components and 

laboratory TOC results using the multivariate calibration techniques, PCA and PLS 

analysis in constructing a range of calibration models. The calibration models were 

also assessed for accuracy in estimating TOC for the calibration datasets, using the 

cross validation technique, and predicting TOC for the related validation datasets. All 

calibration models gave strong correlation between infrared spectra of soil and 

laboratory TOC results and the accuracy of the calibration models in estimating and 

predicting TOC were comparable to other research results. 

 

Having established that mid-infrared DRIFT spectroscopy was capable of analysing 

TOC, the study focused on providing individual SMU calibration models as the basis 

for a State-wide calibration model. The individual SMU calibration models for a soil 

depth 0-100 mm provided high accuracy in the estimation and prediction of TOC with 

SECV and SEP values predominantly less than 0.2 and R2 0.94-0.99. The individual 

SMU calibration models were then compared for accuracy with all-inclusive global 

calibration model for the prediction of the same SMU validation datasets. The 

comparisons showed no significant differences in the prediction of TOC. The 

evaluation of the calibration models did show the Inverell Basalts, Bingara Rises and 

Duri Hills calibration models and the all-inclusive global calibration model to have 

some difficulty in predicting a number of soil samples with high organic carbon (i.e. > 

5%) for the Bingara Rises, Inverell Basalts and Duri Hills validation datasets. The 

reason for this difficulty may relate to the minimum representation of soil samples 

with high organic carbon in the calibration datasets used in building the calibration 

models, and the possibility of having a different type of organic carbon. 

 

An effort was then made to try and improve the accuracy of the individual SMU 

calibration models in the estimation and prediction of TOC. The datasets of the 

SMUs for soil depths 0-50 mm and 50-100 mm were re-organised to construct the 
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land use calibration models, cultivation, native pasture and woodland. The cultivation 

and native pasture calibration models provided high accuracy in the estimation and 

prediction of TOC with SECV and SEP values less than 0.2 with R2 0.96-0.97. The 

woodland calibration model was not as accurate with a SECV 0.47 and SEP 0.51 

with R2 0.97. A comparison of the accuracy of the land use calibration models with 

the all-inclusive global calibration model showed no significant differences in the 

prediction of TOC for the same land use validation datasets. In the same manner 

and reasons already given the woodland calibration model and the all-inclusive 

global calibration model had difficulty in predicting a number of soil samples with 

high organic carbon.  

 

The investigations showed individual SMU calibration models were of the same 

accuracy as an all-inclusive global calibration model and the land use calibration 

models were of the same accuracy of an all-inclusive global calibration model. 

Therefore, it was concluded that an all-inclusive global calibration model was the 

most suitable option for use as the basis of a State wide calibration model for the 

analysis TOC.  

 

In addition to providing calibration models for TOC, carbon fraction calibration 

models were constructed using the fractions generated from the CSIRO fractionation 

method (Sanderman et al. 2011) and the Zimmerman et al. (2006) fractionation 

method. These fractionation methods have been used to initialise the Roth C model 

for simulating carbon loss and sequestration. The calibration model for CSIRO 

generated POC fraction gave a high accuracy in the estimation of POC fraction. The 

accuracy of calibration models for the Zimmerman et al. (2006) generated fractions 

were mixed with the POM, (s + c) and rSOC calibration models having highest 

accuracy in estimating respective fractions. These results indicated that there is 

potential for the use of mid-infrared DRIFT spectroscopy to establish carbon fraction 

modelling together with TOC modelling. 
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9.2 Outcomes 

The Office of Environment and Heritage is well positioned to obtain many benefits 

from the use of mid-infrared DRIFT spectroscopy with the prospects of becoming 

one of the leading organisations in its use.  

 

9.2.1 Achievements 

Investigations made into the use of mid-infrared DRIFT spectroscopy for the 

provision of a State-wide calibration model have allowed a number of significant 

achievements to be made and limitations to be recognised. 

Achievements to date include: 

i) a significant mid-infrared spectra dataset and analytical dataset now exist 

across NSW for use in the prediction TOC, and 

ii) a global calibration model will provide the basis for the analysis of TOC for the 

State of NSW  

 

The OEH now has additional 1345 soil samples available for use towards a spectral 

library with corresponding analytical data from the northern, central and western 

areas of NSW, representing a range of soil types, land use and environmental 

conditions. The study has shown that the all-inclusive global calibration model is a 

suitable option for use as the basis of a State wide calibration model for the analysis 

TOC. Office of Environment and Heritage also has the ability to build on the 

calibration model for use in predicting TOC of new areas within NSW, through further 

utilisation of the remaining SMUs and the 30 000 soil samples of the MER program.  

 

9.2.2 Current limitations 

In the process of providing calibrated spectra and analytical data, a number of 

limitations became evident which require further research and development. 

Limitations to date include: 

i) limited number of soil samples with > 5% TOC, 

ii) restricted range of soil types, and 

iii) soil depth was limited to 0-100 mm. 

 

The all-inclusive global calibration model was shown to have very high levels of 

accuracy in predicting TOC when the unknown soil samples were all less than 5% 
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TOC. When the dataset contained soil sample with more than 5% TOC there were 

instances of larger errors in predicting TOC. This may be the result of a small 

representation of soil samples with high organic carbon in the calibration dataset 

used in building the calibration model and in conjunction with the back transforming, 

i.e. squaring of the predicted values causing errors to be exaggerated. To determine 

solutions to these limitations, further research is required into the predicting of soil 

samples with a relatively high organic carbon. The calibrated spectra and analytical 

data were also restricted to only a small range of soil types because of the 

requirement of using SMUs with different land uses. This meant that only 8 SMUs 

were selected out of the 95 available restricting the use of the global calibration 

model to only few areas within NSW. Furthermore, in the selection of SMUs only the 

datasets for 0-50 mm and 50-100 mm soil depths were used and not the 100-200 

mm and 200-300 mm soil depths. Hence, further development of the calibration 

model can be carried out with a greater inclusion of the available SMUs and soil 

samples taken from additional soil depths. This development would increase the use 

of the global calibration model to new areas within NSW.  

 

9.2.3 Recommendations 

A number of recommendations can be provided for the rapid measurement of soil 

properties.  

Recommendations include: 

i) recording soil spectra as part of the routine laboratory soil analysis, 

ii) increasing the size of the calibration datasets to build calibration models for 

TOC with the use of MER soil samples for all soil depths, 

iii) investigate the use of mid-infrared DRIFT spectroscopy for the analysis of 

other soil properties, and 

iv) collaborating with other research laboratories that have an interest in infrared 

spectroscopy for the analysis of soils. 

 

Recording soil sample spectra should be included as part of the routine operations in 

the analysis of soil properties. This would, in time, provide a comprehensive spectral 

library with analytical data for various soil properties which may be used to obtain 

both qualitative and quantitative evaluation of chemical and physical properties of 

soil rapidly and at low cost. A service such as this would be sought by a range of 
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customers who require spatial and temporal information on soil condition in order to 

make management decisions. The robustness of the global calibration model would 

be significantly increased by obtaining further representative soil spectra and 

analytical data from the MER soil samples. At present only 8 SMUs have been 

utilised from the available 95. Collaboration should continually be built with other 

research organisations, universities and government agencies that have an interest 

in the research and development of infrared spectroscopy for soil analysis. This 

would develop and strengthen OEH position in a wider network for the sharing of 

knowledge and resources. 
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