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Abstract 

The fate and behaviour of hydrophobic organic compounds (e.g. pesticides) in soils are 

largely controlled by sorption processes. Recent findings suggest that the chemical 

properties of soil organic carbon (OC) significantly control the extent of sorption of such 

compounds in soil systems. However, currently there is no practical tool to integrate the 

effects of OC chemistry into sorption predictions. Therefore, the KOC model, which relies 

on the soil OC content (fOC), is used for predicting soil sorption coefficients (Kd) of 

pesticides. The KOC model can be expressed as Kd = KOC × fOC, where KOC is the OC-

normalized sorption coefficient for the compound. Hence, there is a need for a prediction 

tool that can effectively capture the role of both the chemical structural variation of OC as 

well as fOC in the prediction approach. Infrared (IR) spectroscopy offers a potential 

alternative to the KOC approach because IR spectra contain information on the amount and 

nature of both organic and mineral soil components.  

The potential of mid-infrared (MIR) spectroscopy for predicting Kd values of a 

moderately hydrophobic pesticide, diuron, was investigated. A calibration set of 101 

surface soils from South Australia was characterized for reference sorption data (Kd and 

KOC) and fOC as well as IR spectra. Partial least squares (PLS) regression was employed to 

harness the apparent complexity of IR spectra by reducing the dimensionality of the data. 

The MIR-PLS model was developed and validated by dividing the initial data set into 

corresponding calibration and validation sets. The developed model showed promising 

performance in predicting Kd values for diuron and proved to be a more efficacious than 

the KOC model. The significant statistical superiority of the MIR-PLS model over the KOC 

model was caused by some calcareous soils which were outliers for the KOC model. Apart 
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from these samples, the performance of the two compared models was essentially similar. 

The existence of carbonate peaks in the MIR-PLS loadings of the MIR based model 

suggested that carbonate minerals may interfere or affect the sorption. This requires 

further investigation.  

Some other concurrent studies suggested excellent quality of prediction of soil properties 

by NIR spectroscopy when applied to homogenous samples. Next, therefore, the 

performance of visible near-infrared (VNIR) and MIR spectroscopy was thoroughly 

compared for predicting both fOC and diuron Kd values in soils. Some eleven calcareous 

soils were added to the initial calibration set for an attempt to further investigate the effect 

of carbonate minerals on sorption. MIR spectroscopy was clearly a more accurate 

predictor of fOC and Kd in soils than VNIR spectroscopy. Close inspection of spectra 

showed that MIR spectra contain more relevant and straightforward information 

regarding the chemistry of OC and minerals than VNIR and thus useful in modelling 

sorption and OC content. Moreover, MIR spectroscopy provided a better (though still not 

great) estimation of sorption in calcareous soils than either VNIR spectroscopy or the KOC 

model. Separate research is recommended to fully explore the unusual sorption behaviour 

of diuron in calcareous soils.  

In the last experiment, two dimensional (2D) nuclear magnetic resonance/infrared 

heterospectral correlation analyses revealed that MIR spectra contain specific and clear 

signals related to most of the major NMR-derived carbon types whereas NIR spectra 

contain only a few broad and overlapped peaks weakly associated with aliphatic carbons. 

2D heterospectral correlation analysis facilitated accurate band assignments in the MIR 

and NIR spectra to the NMR-derived carbon types in isolated SOM. 
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In conclusion, the greatest advantage of the MIR-PLS model is the direct estimation of Kd 

based on integrated properties of organic and mineral components. In addition, MIR 

spectroscopy is being used increasingly in predicting various soil properties including fOC, 

and therefore, its simultaneous use for Kd estimation is a resource-effective and attractive 

practice. Moreover, it has the advantage of being fast and inexpensive with a high 

repeatability, and unlike the KOC approach, MIR-PLS shows a better potential for 

extrapolating applications in data-poor regions. Where available, MIR spectroscopy is 

highly recommended over NIR spectroscopy. 2D correlation spectroscopy showed 

promising potential for providing rich insight and clarification into the thorough study of 

soil IR spectra. 
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1   Review of Literature 

1.1. INTRODUCTION: SORPTION OF PESTICIDES TO SOILS 

Pesticides are widely used in modern agriculture and their significant positive effects on 

agricultural production are now well accepted. The current trend towards conservation 

tillage systems has also led to a greater reliance on pesticide use in agricultural systems. It 

is believed that when pesticides are applied under appropriate soil and environmental 

conditions and according to the recommended amounts and methods, they can control 

target pests with little adverse effect on adjacent ecosystems (1). However, due either to 

not following the prescribed methods of application or to the inherent effects of their 

usage, trace amounts of pesticides have been detected in soil, water and the atmosphere, 

where they have not been applied. For example, the herbicide atrazine was found for the 

first time in some groundwater samples in the United States in mid-seventies (2). Because 

of their toxic nature, the presence of pesticides in the environment produces a natural 

concern about their impacts on public health and environmental quality. The negative 

effects of some pesticides have been observed on non-target living organisms (3, 4). 

Given the known benefits of using pesticides, it seems essential to know exactly what 

happens to a pesticide when it enters the environment under specific conditions. 

The key processes governing the fate of pesticides in the environment include sorption, 

transformation and transport processes (1). Of these, sorption plays a significant role, 

especially because it considerably affects the other processes (5). For example, pesticide 

transport to the atmosphere, groundwater and surface water is strongly controlled by 
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sorption (6). The problem is, however, the underlying physical and chemical phenomena 

responsible for sorption are as yet not fully understood. For example, there are no direct 

observations regarding the exact molecular-scale locations where the pesticide molecules 

associate with sorbents (7). Therefore, researchers draw inferences about sorption 

mechanisms based on macroscopic observations. Accordingly the first hypothesis which 

mechanistically described sorption of pesticides in soils was partitioning (dissolution) of 

hydrophobic organic contaminant molecules into natural organic matter in the 

environment (8, 9). Subsequently, nonlinearity was observed in the sorption of pesticides 

to soils, an incompatible result with a simple partitioning mechanism. This observation 

led researchers to believe that adsorption onto geosorbents occurred via another 

mechanism (10, 11). Although mechanistic hypotheses for sorption can be postulated 

based on macroscopic observations, the complexity of sorption phenomena (e.g. diffusion 

of pesticide molecules into and out of different matrices, hysteretic sorption and aging 

effects) complicates interpretations. Therefore, analytical characterisation of sorption at 

microscale dimensions is necessary to develop more precise mechanistic models for 

sorption of pesticides to various geosorbents. (7). 

Similar to other processes, sorption exhibits variability based on soil and environmental 

factors, including the type and content of mineral and organic materials, soil pH, soil 

temperature and moisture (5, 6), as well as molecular properties of the pesticide such as 

its hydrophobicity, charge characteristics and ionisability (12). Soil organic matter (SOM) 

is recognised as the most important variable for controlling sorption behaviour of non-

ionic pesticides in soils, simply because the solvent in the soil system is water and the 

hydrophobic nature and high binding affinities of these compounds to organic matter are 

the driving force (13). It used to be assumed that the effect of organic matter on sorption 
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is predictable just based on its content in soil (14). Under this assumption, the soil 

organic carbon sorption coefficient (KOC) of a pesticide may be calculated using the 

following equation: , where, fOC is the organic carbon fraction of the soil 

and Kd is the soil sorption coefficient of a pesticide in a specific soil. Once the KOC of a 

pesticide is calculated from a set of Kd and fOC measurements for a given pesticide in a 

soil, the sorption (Kd) of that pesticide in any soil can be estimated knowing its fOC and 

assuming that a KOC measured in one soil applies to any other (13).  

The KOC values of pesticides are widely used in pesticide fate stimulation models as a 

primary parameter and typically are employed along with the fOC of a specific body of 

soil or sediment, to calculate Kd (13). Because KOC has been considered the primary 

parameter for environmental fate modelling of pesticides, different methods have been 

developed for its determination. Some of these techniques involve direct measurement of 

the Kd and consequent calculation of KOC using the equation above, whereas others are 

indirect methods for estimating KOC without any need to measure Kd first. While the 

direct techniques require modern experimental facilities and are mostly time consuming 

and expensive, the indirect methods rely on molecular characteristics of pesticides, which 

seem to be more economical and useful, particularly in data-deficient areas.  

Although it is appealing to regard KOC as a constant parameter, there is now strong 

evidence against the assumption of its constancy (5, 13). Ahmad et al. (12) investigated 

the sorption of two non-ionic pesticides, carbaryl and phosalone, in 48 soils from 

Australia, Pakistan and the United Kingdom. They observed a variation in KOC values of 

both pesticides in soils with a decreasing order as follows: Pakistani > Australian > 

British. Since they did not find any significant correlations between Kd and the fOC values 
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of the soils, they concluded that this factor, alone, was insufficient to predict sorption 

behaviour, even for non-ionic pesticides. The results of their research along with several 

others cited by Wauchope et al. (13) confirm that the assumption of constancy of KOC for 

a pesticide in different soils is not true and that fOC is not the only variable controlling 

sorption of non-ionic pesticides. Therefore, the practice of using the simple equation, 

, and extrapolating data to predict sorption under local conditions is not 

reliable. In another study, Liyanage et al. (15) studied the sorption behaviour of 

carbofuran and diuron in 43 tropical soils from Sri Lanka, and compared sorption data for 

these soils with published data, mostly from European and North American soils. They 

noticed that, while the range of the KOC values from Sri Lankan soils were within the 

wide range of such values reported in the literature, values for both pesticides were 

noticeably higher in soils from dry areas than those from moist areas. By referring to 

findings of some previous research (e.g. 16, 17), they proposed that the differences in the 

nature of SOM are probably responsible for the wide range of the KOC values in soils. 

1.2. EFFECTS OF THE NATURE OF SOIL ORGANIC MATTER ON SORPTION 

OF HYDROPHOBIC PESTICIDES  

There are numerous published studies which deal with the effects of chemical structure of 

SOM on sorption of hydrophobic pesticides (e.g. 7, 13, 18). In the following section the 

chemistry of SOM will be reviewed briefly, followed by a survey of the literature on how 

SOM chemistry can affect the sorption behaviour of such pesticide molecules in soils and 

sediments.  
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1.2.1. AN OVERVIEW OF THE CHEMICAL STRUCTURE OF SOIL ORGANIC 

MATTER  

Soil organic matter (SOM) consists of three classes of organic materials, namely biomass 

or living organisms (plants, animals and microorganisms); organic residues or undecayed 

and partially decomposed dead bodies of such organisms; and most importantly “humus”. 

Humus, which accounts for 60 to 80 percent of the SOM, is actually a mixture of highly 

decomposed and chemically variable organic compounds (19, 20). Humus is composed of 

two groups of materials: nonhumic substances and humic substances (21). Nonhumic 

substances consist of chemically recognizable classes of organic compounds which are 

not specific to the soil environment. These organic compound classes include simple and 

complex carbohydrates (polysaccharides) including cellulose and lignin, amino acids and 

proteins including some enzymes and hormones, lipids including waxes and steroids, 

nucleic acids and a variety of organic acids. Humic substances, on the other hand, are 

made up of a chemically heterogeneous mixture of organic compounds which cannot be 

ascribed to particular families of organic compounds, and are exclusive to nonliving 

terrestrial and aquatic environments (20).  

Humic substances form the major fraction of SOM by a contribution of up to 80 per cent. 

(20). Owing to the chemically heterogeneous nature of humic substances, it is impossible 

to define their exact molecular structure. Different models, however, have been proposed 

to describe a typical molecular structure for humic substances. Most recently, Sutton & 

Sposito (22) described humic substances as a collection of very different types of organic 

components with relatively low molecular masses which are dynamically associated via 

hydrophobic interactions and hydrogen bonds. Unlike nonhumic substances, the humic 
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fraction is relatively resistant to further microbial decomposition because of the highly 

recalcitrant nature of its components and also its close association with mineral surfaces, 

which in turn may isolate it from soil microorganisms (19, 20). In fact, clay minerals help 

stablise SOM, and up to 90% of SOM content may be present as SOM-clay complexes 

(23). Although the new molecular structural view considers relatively small, independent 

moieties in humic substances, it also determines the ability of forming micelles for these 

diverse low-molecular-mass molecules in aqueous solutions e.g. soil solution (22). 

Despite the lack of a consistent molecular structure model for humic substances, these 

materials have been characterized intensively by state-of-the-art spectroscopic techniques 

(e.g. nuclear magnetic resonance and infrared spectroscopy) for different functional 

groups and structural entities. These studies enable differentiation of SOM in terms of 

chemical nature, and are of particular importance because the different chemical 

properties of SOM govern its behaviour in soil processes such as the sorption of 

hydrophobic pesticide molecules.  

One type of spectral analysis of particular importance is carbon-13 nuclear magnetic 

resonance (13C NMR) spectroscopy which has greatly enhanced our understanding of 

carbon chemical types (i.e. functional groups and structural entities) in SOM. In this 

context, the 13C NMR spectra of SOM are generally divided into four major chemical-

shift regions, namely alkyl carbon (0-45 ppm), O-alkyl carbon (45-110 ppm), aromatic 

carbon (110-160 ppm) and carboxyl carbon (160-210 ppm) (24). Different soil samples 

have various amounts of these four carbon fractions which results in a wide variety of 

soils in terms of chemistry of organic carbon from highly aliphatic to highly aromatic. 

Although NMR spectra are often divided into four main regions, much more information 
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about the chemistry of organic carbon is found in NMR data (25). In fact, particular 

spectral signatures within each region are associated with particular structural entities and 

functional groups. Figure 1.1 shows an example of a 13C NMR spectrum of SOM. Seven 

main spectral peaks are found at chemical shifts around 33, 57 74, 105, 130, 155 and 174 

ppm. The alkyl region (0-45ppm) is dominated by a sharp peak around 33 ppm due to 

methylene groups in long-chain aliphatic compounds from various origins particularly 

lipids (24). The spectral region between 33 and 55 ppm contains resonances due to amino 

acids and proteins (24). In the O-alkyl (alkoxy) region (45-110 ppm), the signal around 57 

ppm is assigned to methoxy and ethoxy groups found in carbohydrates, alcohols, esters 

and ethers (20, 26). The signals around 74 ppm (together with the shoulders around 65 

ppm and 80-90 ppm) and 105 ppm are generally assigned to polysaccharides and 

acetal/ketal compounds, respectively (20, 24, 26). In the aromatic (aryl) carbon region 

(110-165 ppm), the peak around 130 ppm is due to unsubstituted and alkyl- and olefin-

substituted aromatic carbons (20, 26). In the chemical shift between 140 and 160 ppm 

(around 155 ppm), aromatic COR or CNR groups, phenol, aromatic ether and aromatic 

amines are identified (20, 24). The sharp signal around 174 ppm in the carboxyl region 

(165-220 ppm) is mainly caused by carboxyl groups in aromatic and/or aliphatic 

structures (20, 24). 
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Figure 1.1. A typical carbon-13 nuclear magnetic resonance (13C NMR) spectrum of soil 

organic matter (SOM). The four general regions and chemical shift assignments of major peaks 

are identified [Adapted from Skjemstad et al. (27)]. 

1.2.2. HOW THE CHEMICAL STRUCTURE OF SOIL ORGANIC MATTER 

AFFECTS SORPTION 

It is believed that about half of the variability in KOC values comes from variability in the 

nature of organic matter, and the rest is due to other factors such as experimental error 

(13). Therefore, the study of the chemical nature of SOM is essential to gain an insight 

into its role in the sorption behaviour of pesticides, particularly non-ionic types. 

Grathwohl (28) investigated the sorption process of some chlorinated aliphatic 

hydrocarbons and reported that the degree of oxidation of organic matter, as measured by 

the hydrogen/oxygen ratio, affects its adsorptivity for these compounds. In another study, 

the polarity of organic matter was determined for 19 soil and 9 freshwater sediment 

a1172507
Text Box
                                           NOTE:      This figure is included on page 8 of the print copy of      the thesis held in the University of Adelaide Library.
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samples using solid-state 13C NMR spectroscopy and was compared with KOC values for 

carbon tetrachloride (29). The results of the research showed a distinct separation 

between soil and sediment samples based on polar organic carbon fraction, which could 

be responsible for observed differences in the sorption affinities. It was suggested that the 

polarity of organic matter shows an inverse relationship with KOC values. 

In a comparison between the KOC values of two non-ionic pesticides (carbaryl and 

phosalone) in soils from different regions of Australia and Pakistan, and carbon chemistry 

of the SOM, Ahmad et al. (16) found a significant relationship between the aromaticity of 

SOM and the KOC values. They proposed that the aromatic fraction of the SOM could be 

an appropriate variable for better predicting pesticide sorption. Moreover, Ahmad 

(unpublished data) found that two other molecular components of SOM, lignin and 

charcoal, had also a good correlation with KOC values of carbaryl and phoslone. The 

influence of the aromatic fraction of soil organic carbon on sorption of hydrophobic 

organic compounds was supported by another study on the chemical composition of 18 

different geosorbents using solid-state 13C NMR spectroscopy (30). Ahangar et al. (31) 

reported a distinct separation in the magnitude beween KOC values of two consecutive 

surface and subsurface horizons in which the surface layer had higher KOC values. A 13C 

NMR analysis revealed a clear difference between the two horizons with respect to the 

proportion of aromatic fraction. There was a positive correlation between aromatic 

fraction of SOM and KOC. Furthermore, Ahangar et al. (32) studied the effects of the lipid 

fraction in SOM on sorption of hydrophobic pesticides, and concluded that lipids 

probably block sorption sites on SOM and/or compete with pesticide molecules. 

Moreover, concurrent NMR analysis of samples before and after lipid extraction showed 

that lipid extraction only resulted in loss of alkyl carbon. Therefore, the fact that lipids 
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reduce the sorption affinity of SOM for hydrophobic molecules is consistent with their 

previous finding (31) regarding the observed negative correlation between aliphatic 

carbon fraction in SOM and sorption.  

These studies clearly show that structural differences in the chemical composition of 

SOM must be taken into account when sorption behaviour of hydrophobic pesticides is 

being modelled. As Ahmad et al. (16) pointed out, relying on an average KOC value of a 

pesticide is not sufficient to assess the ability of a soil to sorb pesticides even those with a 

hydrophobic nature. Therefore, the variation in organic carbon chemistry must be 

included in sorption models quantitatively to enhance their veracity. One strategy is extra 

analysis (e.g. NMR spectral analysis) which is costly and time-consuming. IR 

spectroscopy could offer an appealing alternative because IR spectra are made up of 

information on the amount and chemistry of organic carbon as well as mineral soil 

components (33).  

1.3. INFRARED SPECTROSCOPY TO STUDY THE CHEMICAL STRUCTURE 

OF SOIL ORGANIC MATTER  

Researchers studying the relationships between the chemical nature of SOM and the 

sorption of hydrophobic pesticides in soils did not propose any practical tool to account 

for structural variations in sorption estimations. Using NMR spectroscopy is not only 

very expensive and time-consuming but also involves working with strong toxic 

chemicals. In the search for a feasible tool, however, IR spectroscopy looks promising 

because it is a high-throughput, cost-effective, easy-to-use technique with a broad 

applicability in agricultural and environmental fields. It has already been used 
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successfully for predicting SOM content (34-36) and characterizing its chemical structure 

(37-39) and has a rather high sensitivity to both organic and inorganic components in 

soils and sediments (33). The structural atoms and groups bonded within the molecules 

experience a wide variety of vibrational motions, and absorb infrared radiation that 

corresponds in energy to those vibrations (40). In the near infrared region (NIR), 

electromagnetic radiation in the range of 12500 to 4000 cm-1 (800-2500 nm) is applied, 

and compared to mid infrared (MIR), is dominated by weaker and broader overlapping 

signals that arise from combinations and overtones associated with C-H, O-H, and N-H 

bands (41). NIR bands are actually overtones and combinations of fundamental bands 

which occur in the MIR region and in particular around 3500-1600 cm-1 (42). MIR 

spectroscopy uses radiation in the range from 4000 to 400 cm-1 (2500-25000 nm), and is 

characterized by intense spectral peaks caused by the strong absorption in this region 

(43). In the MIR region spectral intensities (bands) result from absorption of radiation by 

fundamental stretching and bending (deformation) vibrational modes of covalent bonds 

(44).  

1.3.1. NEAR INFRARED SPECTRA OF SOIL 

Since NIR spectra contain broad and overlapped peaks not resulting from fundamental 

vibrations but from combinations and overtones, they are not as informative as those in 

the fingerprint region (see below) in the MIR range, and therefore, direct qualitative 

analysis of NIR spectra is not seen useful in assessing the chemical nature of SOM (42). 

Instead, NIR spectroscopy has proven very useful in quantitative measurements of 

materials such as water, alcohol, amines and all types of organic materials including SOM 

(e.g. 45-48) which are essentially made up of C-H, O-H and N-H groups (33, 41, 42). An 
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example of an NIR spectrum of an organic matter-rich soil is shown in Figure 1.2. The 

NIR signals around 1400 and 1900 nm are related to hydroxyl groups, mostly from free 

water, but also from hydroxyl groups in SOM. Therefore, these peaks possibly are not 

directly proportional to SOM content or chemistry. Broad spectral signals around 2200 

nm towards the high-wavelength end of the spectrum, however, are assigned to organic 

carbon, in general (43, 49). No separation of aliphatic and aromatic structure has been 

established in this NIR region for SOM. Accordingly, perhaps we should not expect NIR 

spectroscopy to discriminate between aliphatic and aromatic fractions of SOM. 

Terhoeven-Urselmans et al. (39), however, found that NIR spectroscopy is capable of 

predicting NMR-derived carbon types, quantitatively. They did not propose any 

assignments for various carbon types in the NIR region. This author believes that their 

finding is yet to be validated by some qualitative analysis of NIR spectra probably in 

comparison with NMR spectra of SOM.  

 

Figure 1.2. An example of a near infrared (NIR) spectrum of an organic matter-rich soil 

[Reproduced from McCarty et al. (43)]. 

a1172507
Text Box
                                           NOTE:     This figure is included on page 12 of the print copy of      the thesis held in the University of Adelaide Library.
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1.3.2. MID-INFRARED SPECTRA OF SOIL ORGANIC MATTER 

MIR spectra of SOM contain spectral absorption bands originated from fundamental 

vibrations of either functional groups (e.g. C≡O, C≡C, C≡N, methyl, methylene, etc.) or 

skeletal groups forming the molecular backbone or skeleton of the molecule (e.g. 

aliphatic structure as in alkanes or aromatic structure as in benzenes) (42). The absorption 

bands with two different origins, in fact, develop two sub-regions in the MIR range, 

namely the characteristic group frequency and fingerprint regions. In the characteristic 

group frequency region (4000-1250 cm-1) each absorption band corresponds to a 

particular vibration of a specific bond that occurs always at a given frequency (38). 

Therefore, the absorption bands in this region are relatively unaffected by the general 

molecular structure of the compound. In the fingerprint region (1250-400 cm-1), the 

absorption bands are strongly affected by the general molecular structure of the 

compound (38), and therefore, could be useful in identifying the structural entities in the 

materials under study (e.g. aliphatic or aromatic moities). Initially, MIR spectroscopy was 

used mainly for qualitative characterization of SOM because it was thought to require 

sample dilution with KBr to prevent spectral distortions and nonlinearities due to the 

strength of absorption bands in the MIR region (43, 50). Further studies demonstrated the 

usefulness of MIR spectra with minimum sample pre-treatment for quantitative soil 

analysis in which diffuse reflectance infrared Fourier-transform (DRIFT) technique is 

used in conjunction with multivariate data analyses (49, 51, 52).  

Among spectroscopic techniques, MIR spectroscopy has played an important role (after 

NMR spectroscopy) in qualitative characterization of SOM and humic substances (38). 

As shown in Table 1, various components in SOM give characteristic bands in the MIR 
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region and indicate the potential of MIR spectroscopy for quantitative analysis of SOM in 

terms of content and chemistry. The IR spectra are quite complex (Figure 1.3). Spectral 

intensity values over the entire frequency range produce a great deal of information which 

all together could be used to determine (estimate) a single analyte of interest. To 

overcome and reduce the apparent complexity of spectra, researchers have used methods 

of multivariate analysis. These advanced statistical and mathematical techniques have 

enabled estimation of many properties in complex materials like soil, simultaneously, 

using a calibration set of IR spectra. In this context, predictive calibration models are 

developed between the entire spectra and the properties of interest.  

 

Figure 1.3. An example of mid-infrared (MIR) spectrum derived from the particulate 

fraction of soil organic matter (SOM) [Reproduced from Wershaw et al. (53)].  

a1172507
Text Box
                                           NOTE:     This figure is included on page 14 of the print copy of      the thesis held in the University of Adelaide Library.
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Table 1.1. Absorption bands attributed to soil organic matter (SOM) in the mid-infrared 

(MIR) spectral range [Reproduced from Madari et al. (50)]. 

Absorption band (cm-1) Assignments 

3380 O-H stretching of phenolic OH 

3400-3300 O-H stretching (H bonded OH groups), N-H stretching 

3030 Aromatic C-H stretching 

2940-2900 Aliphatic C-H stretching 

2600 O-H stretching of H-bonded -COOH 

1725-1720 C=O stretching of –COOH and ketones 

1660-1630 C=O stretching of amide groups (amide I band), quinine C=O 

and/or C=O of H-bonded conjugated ketones 

1620-1600 Aromatic C=C stretching and/or asymmetric –COO stretching 

1590-1517 COO- symmetric stretching, N-H deformation + C=N 

stretching (amide II band) 

1525 Aromatic C=C stretching 

1460-1450 Aliphatic C-H 

1400-1390 O-H deformation and C-O stretching of phenolic OH, C-H 

deformation of CH2 and CH3 groups, COO- asymmetric 

stretching  

1350 Symmetric COO- stretching and/or –CH bending of aliphatics 

1270 C-OH stretching of phenolic OH 

1280-1200 C-O stretching and OH deformation of COOH, C-O stretching 

of aryl ethers 

1225 C-O stretching and O-H deformation of COOH 

1170-950 C-O stretching of polysaccharides or polysaccharide-like 

substances 

1170 C-OH stretching of aliphatic OH 

1170 Polysaccharides 

1070 C-C stretching of aliphatic groups 

1050 Polysaccharides 

830 Aromatic CH out of plane bending 

775 Aromatic CH out of plane bending 
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1.4. APPLICATIONS OF CHEMOMETRICS IN UTILISING INFRARED 

SPECTRAL DATA FOR QUANTITATIVE SOIL ANALYSIS 

Chemometrics in general and the methods of multivariate calibration in particular are now 

playing an essential role in analytical chemistry (54). They are quite effective tools to 

harness the apparent complexity of analytical data derived from sophisticated systems 

(e.g. soil spectra). To fully describe methods of multivariate analysis, a strong 

background in matrix algebra is required. This is beyond the scope of this text. The aim 

will be, however, to review the purpose, power and some applications of the most popular 

multivariate methods in soil-related research. More details regarding different methods of 

multivariate analysis and mathematical calculations involved can be found in some text 

books and review articles (54-56).  

1.4.1. PRINCIPAL COMPONENT ANALYSIS 

In spectroscopy, each single measurement (spectrum) of a sample is usually comprised of 

thousands of intensity values over the frequency range under study. The aim of many 

multivariate data analysis techniques is to reduce the amount of data so that the 

underlying correlations between variables become apparent (57). Principal component 

analysis (PCA) is one of the main data reduction techniques in multivariate analysis. 

When dealing with data of high dimension, which cannot be examined by graphical 

representation, PCA serves as a tool to identify patterns in data and to highlight their 

similarities and differences. As a result, the number of dimensions in data can be reduced 

by eliminating the redundant information in data without much loss of essential 

information (57, 58). It must be noted that PCA is a useful technique only if there is an 
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underlying correlation between the data. In this context, principal components (PCs) or 

latent variables (PC1, PC2, …, PCn) are identified as linear combinations of the original 

variables (X1, X2, …, Xn) describing each sample: 

PC1 = a11X1 + a12X2 + …a1nXn  

PC2 = a21X1 + a22X2 + …a2nXn  

PCn = an1Xn + an2X2 + …annXn 

The coefficients (a11-ann) are calculated in a way that there will be no correlation between 

latent variables. The maximum number of PCs that can be generated is equal to the 

number of original variables. The first PC usually explains the largest amount of variation 

in the data and PC2 explains the second largest variation and so on. In practice the number 

of useful PCs is much smaller than the number of original variables, because one can 

decide to ignore the PCs with lesser significance. Of course it will result in losing some 

information, but the lost information could be just noise. This particular property of PCA 

led Jung (59) to propose PCA as a tool to denoise spectra. For this purpose, when PCs of 

a set of spectra are known, the spectra are reconstructed using the selected significant 

PCs. The reconstructed spectra will have few dimensions (equal to the number of selected 

PCs) compared to the original data and do not include unimportant and non-significant 

spectral variations that could serve only as noise.  

1.4.2. PARTIAL LEAST SQUARES REGRESSION 

The concept of multivariate calibrations (regressions) forms when the variables in a data 

set can be divided into groups of response variables and predictor variables. In 
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spectroscopy, predictor variables are the spectral data and the response variables are the 

concentrations of the analytes of interest (e.g. soil properties). The methods of linear 

regression can be used to calculate a regression equation for which predictor variables 

(e.g. absorbance at each spectral frequency) are related to a response variable. The 

resultant calibration equation in general is 

Yp = a1X1 + a2X2 + ... + anXn + b   

where Yp is the predicted value for the response variable, a1 to an are the PLS regression 

coefficients for predictor variables X1 to Xn, and b is the equation intercept. If there are 

multiple response variables, separate regression equations may be developed 

corresponding to each of the response variables, using the same data set of predictor 

variables. When the regression equation is developed based on a data set for a response 

variable, a meaningful prediction of the response variable for any unknown sample can be 

generated provided that the unknown sample belongs to the same population as the data 

set.  

Partial least squares (PLS) regression is one of the multivariate linear regression 

techniques in which linear combinations of latent predictor variables (PCs) are related to 

a response variable to develop the PLS regression equation: 

Yp = a1PC1 + a2PC2 + ... + anPCn + b 

In PLS, the latent predictor variables which correlate more with the response variable are 

given more weight. This results in a more effective prediction of the response variable. 
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This is the main difference between PLS regression and PCA-based regression called 

principal component regression (PCR). In other words, PCR consists of a PCA step 

followed by a multivariate linear regression. In PLS regression, however, the PCs are 

identified in a way that they are highly correlated with the response variable as well as 

explaining the variation in predictor variables (57). More details regarding PLS regression 

are available in some related books and articles (54, 55, 60, 61).  

1.4.3. APPLICATIONS IN SOIL RESEARCH 

PCR in combination with NIR spectroscopy has been successfully applied to predict 

various soil properties (e.g. total C, total N, CEC) (62). Some research has shown similar 

performance of spectral calibrations built by PCR and PLS regression (63, 64). As 

mentioned above, however, it is expected that PLS regression results in a more reliable 

prediction when compared to PCR (65, 66). Haaland & Thomas (67) presented the use of 

PLS regression coupled with infrared spectral analysis and demonstrated how chemically 

interpretable qualitative information can be extracted from a PLS algorithm in addition to 

quantitative analysis. Therefore, PLS regression has received more attention than PCR in 

soil studies where properties of interest are to be predicted using spectroscopic techniques 

and the qualitative information is used to obtain a deeper insight into soil mechanisms.  

Early applications of MIR combined with PLS regression (MIR-PLS) includes a couple 

of studies (35, 68) in which the content of soil major oxides, pH, sum of cations Ca, Mg, 

K, Na, total N, clay content, and organic carbon content were estimated. Later on, the 

increasing need for monitoring carbon dynamics and sequestration in terrestrial 

ecosystems demanded the development of new, rapid and cost-effective tools to estimate 
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carbon content in soils using NIR- and MIR-PLS approaches (43, 49, 69). Cozzolino & 

Moron (34) and Zimmermann et al. (36) showed that MIR and NIR spectroscopy not only 

can estimate organic carbon content in total but also in different particle-size fractions. 

The power of infrared techniques in the study of SOM has been explored further in 

attempts to predict the chemistry of organic carbon. In this context, both NIR (39) and 

MIR (40, 70) spectroscopic probes have been demonstrated to be useful in developing 

calibration models between NMR-derived carbon types and IR spectra. This power has 

been attributed to the fact that functional groups and structural entities in SOM give rise 

to specific spectral bands in various regions of infrared spectra. More recently, 

Bornemann et al. (71) tested MIR spectra for describing black carbon in soil and found 

that due to the existence of specific spectral signatures related to such material, MIR 

spectroscopy could be used for effective estimations of black carbon in soils.  

While virtually any soil characteristics and components that result in some IR spectral 

bands could be estimated by these spectroscopic methods in combination with 

multivariate calibration analysis, the qualitative information available in the spectra is not 

as straightforwardly identified. Most of the assignments of the infrared bands related to 

organic carbon have been derived from working on pure organic compounds. In soil, 

however, organic matter is rarely presented in isolation and is associated with minerals 

which results in overlapping and shifting of the organic carbon bands with those of 

mineral components. In addition, there are still some bands in the IR range that are 

referred to as “unknown”. Our limited ability to thoroughly interpret IR spectra reduces 

and even questions the usefulness of such spectral data in deriving qualitative 

information. Therefore, the information available in IR spectra, particularly related to 

various organic carbon types, is yet to be identified and validated by some reference 
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information. One approach to solve this problem is generalized two-dimensional (2D) 

correlation spectroscopy which facilitates direct correlation of bands in IR spectra with 

those of another spectroscopic probe for which assignments are well-established (e.g. 13C 

NMR spectra). In the next section, 2D correlation spectroscopy is introduced and its 

potential use in soil spectroscopy is explored.  

1.5. GENERALIZED TWO-DIMENSIONAL CORRELATION SPECTROSCOPY: 

PROSPECTIVE APPLICATIONS IN SOIL RESEARCH 

Two-dimensional (2D) correlation spectroscopy, as opposed to 1D spectroscopy, is a 

technique in which spectral intensity is plotted against two orthogonal axes of 

independent spectral variables (ν1, ν2) which form a 2D spectral plane (72). As a result, 

the spectral intensity will be the intensity of correlation between two spectral variables at 

each coordinate on the spectral plane (Figure 1.4). The method of generalized 2D 

correlation spectroscopy was first proposed by Noda in 1986 (73) for use in the field of 

infrared spectroscopy. It has the potential for application in a much broader range of 

electromagnetic radiation from X-ray to magnetic resonance (74). It is an extension of 2D 

NMR spectroscopy, which was developed some 35 years ago. The advantage of 2D 

correlation spectroscopy is in spreading the spectral peaks over the second dimension, 

which makes the visualisation of the overlapped peaks in a complex spectrum much 

easier (75). This method is widely used in the study of various systems including protein 

and other biological macromolecules, synthetic and natural polymers, liquid crystalline 

systems, Langmuir-Brogett films, pharmaceuticals, food, physiological fluids, paper 

products, solvents such as water and alcohols, colloids and solutions, minerals and 
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catalysts, xerogels, carbon nanotubes, nanoparticles and superconducting materials (76-

78).  

 

Figure 1.4. An example of a fishnet representation of a 2D-IR correlation spectrum 

[Adapted from Noda et al. (72)]. 

Generalized 2D correlation spectroscopy is based on external perturbation (t). In this 

context, the system under study is affected by a sequence of perturbations, Tmin ≤ t ≤ Tmax 

(e.g. electrical, thermal, magnetic, chemical, mechanical and acoustic excitations) and is 

concurrently scanned by the spectroscopic probe of choice (e.g. NIR, MIR, NMR 

spectroscopy). The response of the system to the externally applied perturbation, as 

spectral intensity y(ν, t), is reflected on the series of collected spectra known as dynamic 

spectra . In essence, any spectroscopic experiment in which an external 

perturbation is utilised to generate dynamic spectra could be subjected to 2D correlation 

spectroscopy (72). The correlation analysis of the two independent spectral variables (ν1, 

ν2) in each possible pair of wavelengths results in a correlation Z value (R2). Therefore, 

each point in the 2D correlation spectrum is described by three values made up of two 
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coordinates related to the spectral plane and a Z value which can be visualized for the all 

possible coordinates as a 3D surface, as demonstrated in Figure 1.4. More details 

regarding the theory of generalized 2D correlation spectroscopy can be found in Noda & 

Ozaki (75). 

A very interesting application of generalized 2D correlation spectroscopy occurs where 

two totally different spectroscopic probes (e.g. IR versus NMR) are used to form two sets 

of independent spectral variables ν1 and ν2. This type of spectroscopy is called 2D 

heterospectral correlation analysis. Here again a system should be under the same 

perturbation while being analysed by the spectroscopic techniques and, depending on the 

types of collected spectra, the applied perturbation and the system itself, various 

information can be derived. This technique is extremely useful in proposing band 

assignments for a less-understood set of spectra (e.g. IR spectra) when applied using a 

spectroscopic technique for which the band assignments are well established (e.g. NMR 

spectra). Although, to the author’s knowledge, soil science literature is devoid of 

generalized 2D correlation spectral analysis, the technique does have considerable 

potential to further science and technology in soil systems, for instance, by providing 

reliable tools to study and understand reaction dynamics, chemical processes occurring at 

colloid surfaces, thermally induced reactions, bonding mechanisms of organic compounds 

and chemical separations (44, 74, 78). 

1.6. KNOWLEDGE GAP 

As discussed so far in this review of literature, the scientific knowledge on the sorption of 

hydrophobic pesticides in the environment is relatively advanced. At this stage, the 
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preferred approach for deriving structural information on the chemistry of SOM is NMR 

spectroscopy. The 13C NMR data has shown promising correlations with the sorption 

affinities of SOM in soils (i.e. KOC values). The application of NMR spectroscopy is, 

however, very expensive and time-consuming in terms of sample pre-treatment. 

Moreover, environmental modellers need to access a method which practically integrates 

the observed relationship between KOC and organic carbon chemistry into the models of 

Kd prediction. It seems one thing to pursue in the next stage is to develop an alternative, 

practical tool which could utilise the information on the chemistry of SOM for sorption 

estimations while being cost-effective, high-throughput and easy-to-use. An attractive, 

potential alternative is IR spectroscopy because soil IR spectra contain a great deal of 

information associated with the content and nature of both organic and inorganic fractions 

of soils. IR spectra are complex and difficult to interpret, and obtaining quantitative and 

qualitative information from them is very difficult. In this study, I aimed to investigate if 

multivariate calibration techniques would be able to harness the apparent complexity of 

soil IR spectra for the sorption estimation of pesticides. I also investigated that how useful 

and relevant the quality and quantity of information in soil IR spectra are when compared 

to those of NMR spectra.   

1.7. SPECIFIC OBJECTIVES OF THE STUDY 

The major aim of this study was to utilise IR spectroscopy to describe and estimate the 

sorption of hydrophobic pesticides in soils. Specific objectives of the project were to: 

 develop a predictive tool for estimating sorption coefficients (Kd) of diuron in soil 

using MIR spectroscopy in combination with partial least squares (PLS) 

regression (MIR-PLS model).  
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 compare the performance of the MIR-PLS model against the KOC model, the latter 

of which is currently widely used in environmental modelling. 

 develop an NIR-PLS calibration model and compare its performance in describing 

and predicting sorption of diuron in soils with that of the MIR-PLS model. 

 find regions in the NIR and MIR spectra of SOM that correlate with and describe 

different NMR-derived carbon types using the 2D heterospectral correlation 

analysis, thereby enhancing our understanding on the content and quality of 

information in the IR spectra of SOM.  

1.8. STRUCTURE OF THESIS 

The starting point of this study was to investigate the applicability of MIR spectroscopy 

in combination with multivariate calibrations for sorption estimation of hydrophobic 

pesticides in soils. For this purpose, diuron was chosen as a test compound. Supporting 

Information 6.1. contains detailed information on the properties of diuron and the reason 

why it was used in this study. To select the soil samples, an Australian soil archive (79) 

developed by Department of Water, Land and Biodiversity Conservation was used to 

select a set of 101 surface soil samples from South Australia. Detailed information on the 

localities and the general properties of the selected soils is available in Supporting 

Information 6.2. The next chapter (Chapter 2) covers the first stage in this study, in which 

MIR spectroscopy was successfully utilised for diuron sorption prediction in soil. The 

sorption properties (Kd and KOC) and the organic carbon content (fOC) of the soils were 

measured by reference laboratory methods (see Supporting Information 6.3. for diuron Kd 

and KOC, and fOC values in soils). In addition, the developed MIR spectroscopy-based 

model was thoroughly compared with the KOC model.  
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A question then arose regarding the possible competitive performance of NIR compared 

to MIR spectroscopy. In particular, it is because NIR spectroscopy had been recently 

shown to be very useful in estimating various NMR-derived carbon types (39) and the 

sorption of lindane and linuron pesticides in soils (80). In Chapter 3, NIR and MIR 

spectroscopy were compared in describing and predicting diuron sorption in soils. In 

Chapter 2, few calcareous soils showed extremely different sorption behaviour compared 

to the rest of the soils. This issue was investigated further in Chapter 3.  

Although I investigated the possibility of building calibration models based on IR 

spectroscopic techniques for predicting diuron sorption in soils, a question remained how 

effectively IR techniques are at actually capturing and describing organic carbon types in 

SOM. The fact that a variation in the chemical structure affects the affinity of SOM for 

sorbing pesticides was first suggested by 13C NMR studies. Therefore, it is important to 

work out how the information regarding organic carbon types in IR spectra is correlated 

with those of NMR spectra. This question was answered in Chapter 4 using the 2D 

heterospectral correlation analysis. Lastly, there is a summary and conclusion in Chapter 

5 where implications of this study’s findings for the related scientific and practical fields 

are addressed. In addition, some recommendations for further investigations are made. 
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5   Summary and Conclusion 

Among all the processes governing the fate and behaviour of pesticides in soil (sorption, 

transformation and transport processes), sorption is considered to be key because it 

strongly affects the other processes (1). Sorption of hydrophobic pesticides is highly 

dependent on the amount of organic carbon in the soil (i.e. the organic carbon fraction, 

fOC). This is because hydrophobic interactions between the hydrophobic pesticides and 

organic matter are the driving force for sorption of these compounds in the soil system 

where the solvent is water (2). Formerly, the content of organic carbon in soil has been 

largely regarded as the only factor that controls the sorption behaviour of such pesticide 

molecules in soil. In this context, KOC is defined as the organic carbon-normalized 

sorption coefficient of a pesticide which acts as an intervening parameter for simple 

estimation of the soil sorption coefficient (Kd), where  (2). Once the KOC 

of a pesticide is determined by a sorption (Kd) measurement (e.g. using batch 

equilibrium) using the above equation, it can be used to predict the Kd values of that 

pesticide in any other soil. In essence, the KOC approach assumes that the affinity of soil 

organic matter (SOM) for a given organic compound is the same in all other soils (1, 2). 

Recent studies using carbon-13 nuclear magnetic resonance (13C NMR) spectroscopy 

(e.g. 3-6) have shown that variations in the chemical structure affect the affinity of SOM 

in sorbing organic pollutants and should be taken account of in the modelling of sorption, 

in addition to the content of SOM. Although the relationship between the carbon 

chemistry of SOM and the sorption of hydrophobic pesticides has been demonstrated 

using 13C NMR, no practical method has, so far, been developed to take it into account 
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when estimating sorption coefficients (Kd). In spite of the improved knowledge in this 

field, the KOC modelling approach remains the only practical predictive method of Kd 

values. Obviously, this is an oversimplification caused by the lack of a better prediction 

approach, and can only be resolved by the development of a novel predictive tool. A 

potential approach to tackle the problem is using infrared (IR) spectroscopy.  

IR spectroscopy is an easy-to-use, inexpensive and rapid analysis technique with broad 

applicability in agricultural and environmental studies (7). It has already been used 

successfully for estimating the organic carbon content (fOC) in the whole soil (e.g. 8-10) 

and also in its different particle-size fractions (e.g. 11-13). The chemical structure of 

organic carbon has also been studied by IR techniques (e.g. 14-18). Consequently, IR 

spectroscopy was shown to be effective in predicting different NMR-derived carbon types 

in SOM (19, 20). Moreover, IR spectroscopy has been demonstrated to be capable of 

determining the content and properties of clay minerals in soils (e.g. 21-23). Since the 

integrated effects of these properties control the sorption of organic compounds, such as 

pesticides, to soils, theoretically the sorption itself could also be estimated by IR 

spectroscopic probes.  

In this study, visible near-infrared (VNIR) and mid-infrared (MIR) spectroscopy were 

utilised for estimating the soil sorption coefficients (Kd) of a hydrophobic pesticide 

(diuron) based on the integrated information on the content and chemistry of organic and 

inorganic soil constituents available in IR spectra. The usefulness of the information 

contained in NIR and MIR spectra was compared in terms of describing the sorption of 

diuron in soils. In addition, IR spectra were directly compared with 13C NMR spectra to 
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investigate the capability of NIR and MIR spectra for describing various NMR-derived 

carbon types. 

5.1. IMPLICATIONS OF THE RESEARCH FINDINGS 

MIR spectra coupled with PLS regression was utilised successfully to develop a novel 

MIR-PLS calibration tool for predicting the sorption of diuron in soils. Inspection of the 

PLS loadings revealed that the developed model integrates information about both 

mineral and organic materials in soils in order to predict the diuron sorption in an 

unknown sample. The performance of the MIR-PLS technique is much better than that of 

the KOC model because it provides a more realistic prediction for the outliers to the KOC 

model. In particular, a few extreme outliers to the KOC model were predicted well by the 

MIR-PLS model which improved the statistical indices of the performance assessment, 

namely correlation index (R2), standard error (SE), and residual prediction deviation 

(RPD) (see Chapters 2 and 3 for definition of these indices). Apart from the outliers, the 

accuracy of the predictions provided by the KOC and MIR-PLS models were quite similar. 

If the MIR spectroscopy is capable of capturing the chemistry of organic carbon as the 

NMR spectroscopy does, it is not clear why the MIR-PLS model did not improve the 

prediction of diuron Kd values for the majority of the soils in this study (except for 

calcareous soils). To answer this question, one needs to know exactly how effective MIR 

spectroscopy is in identifying carbon types in the chemical structure of SOM. This was 

investigated in Chapter 4, and will be discussed later on in this section. First, the 

advantages of the MIR-PLS technique over the KOC model are addressed.  
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The existence of outlier detection tools in the MIR-PLS approach results in “eyes-open” 

predictions as opposed to “blind” predictions by the KOC model. Therefore, when an 

unknown sample is introduced to the MIR-PLS model for prediction, it can easily be 

determined whether it belongs to the same population of samples on which the MIR-PLS 

model was developed. If not, a reliable prediction is not expected by the model. In the 

KOC model, however, an unknown sample cannot be inspected in terms of being a 

possible outlier on the model. This may mislead the user into accepting an inappropriate 

prediction as a valid one. Another advantage of using the MIR-PLS approach for property 

estimations is that several properties of interest could be quantitatively predicted 

simultaneously (24). Based on these results, it is clear that while the IR spectroscopy is 

being used to predict various soil characteristics, including the content of soil organic 

carbon, it is also attractive to use it for predicting pesticide sorption. It provides more 

reliable predictions, especially for soils in which minerals become somehow involved in 

sorption (e.g. calcareous soils).  

Our results revealed that calcareous soils showed a different sorption behaviour for diuron 

which was poorly explained by the KOC model. In fact, calcareous soils comprised most 

of the outliers on the KOC model. The carbonate peaks appeared strongly in the loadings 

of the MIR-PLS model. This led us to believe that carbonate minerals affect the sorption 

processes by some mechanisms which are not yet known. While MIR spectroscopy 

improved the prediction of diuron sorption for calcareous soils, VNIR spectroscopy did 

not show such effect and carbonate signals did not appear in its PLS loadings. VNIR 

spectroscopy performed poorly not only for calcareous soils but also for the rest of 

calibration set as compared to MIR spectroscopy. For the quantitative estimation of fOC 

and diuron sorption (Kd), MIR spectroscopy clearly outperformed VNIR spectroscopy 
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and provided much more useful qualitative information, as well. The better performance 

of MIR spectroscopy observed for estimation of soil fOC was in agreement with many 

previously publications (e.g. 9, 25, 26). In a homogeneous calibration set of soils, 

however, NIR-PLS model has been shown to perform slightly better than MIR-PLS 

model (8). The poorer performance of NIR spectroscopy has often been attributed to the 

effect of particle size variation between samples, but the samples in this study were 

ground and homogenized in with respect to particle size, and yet MIR spectroscopy 

resulted in a much higher prediction accuracy. This result was attributed to the higher 

quality of information available in the MIR spectra in comparison with the VNIR spectra.  

A practical consideration in using the IR-PLS modelling approach is that one cannot use 

IR calibration models to predict unknown samples from completely different soil sets. 

These techniques are normally used when a large number of samples is available for 

analysis, especially for several properties. In this case, a calibration set which is 

representative of the complete soil set is selected, and a calibration model is developed. 

Then the rest of the samples are characterized as unknown samples. Therefore, these 

unknown samples are all from the same area as the calibration samples and have similar 

spectra. Considering the current state of the IR calibration techniques, it is not 

recommended in normal circumstances to use such calibration models for predicting 

parameters of unknown samples from other separated areas.  

Another objective of this study was to determine the relative abilities of NIR and MIR 

spectra in identifying carbon types in SOM as compared to NMR spectroscopy. Direct 

correlation of 13C NMR spectra with NIR and MIR spectra, separately, through 2D 

heterospectral correlation analysis (Chapter 4) supported our results in Chapter 3 showing 
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a higher quality of information available in MIR spectra for identification of the 

chemistry of carbon in SOM. Moreover, new band assignments for organic carbon were 

established, and the employed technique showed a promising performance for further 

applications in research concerning SOM spectral analysis. The extent of IR spectral 

information on the chemical structure of organic and inorganic components of soils is not 

yet fully explored (e.g. there are disagreements in assigning some IR bands to particular 

structural and functional groups of organic carbon) (16). Therefore, generalized 2D 

correlation spectroscopy could become an invaluable tool to closely investigate and 

provide an insight into the scientific field of IR spectroscopy of SOM and other soil 

constituents. 

5.2. SUGGESTIONS FOR FURTHER STUDIES 

The results of this study may lead into and trigger new scientific gaps and investigations 

that could be dealt with by further research:  

 The scale of the area on which the soil samples were taken was limited to a part of 

South Australia (Supporting Information 6.2), and in particular surface soils, which 

led to the development of a relatively homogeneous calibration set. The resultant 

calibration model, therefore, is only suitable for application in the same region and for 

analysing unknown soil samples which belong to the same population. There are 

attempts to develop IR spectral libraries for characterization of various soil properties 

with a global perspective (27, 28). In this regard, one possibility is to try to develop 

more extensive calibration set for which the resultant calibration model would be 
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applicable to a greater range of soil types from various agro-geo-climatic regions. 

This would lead towards the development of a global model. 

 The mechanisms which control the sorption of diuron in calcareous soils seem to be 

different from non-calcareous soils. The better prediction of sorption in such soils 

through the MIR-PLS model compared to the KOC model, and the existence of 

carbonate peaks in the MIR-PLS loadings of the calibration model provide an 

evidence for this hypothesis. It is not known how the carbonate minerals cause this 

phenomenon, and whether it is a physical or a chemical effect. 

 In this study, VNIR and MIR ranges of electromagnetic radiation were used, 

separately, for the quantitative estimation of sorption Kd values. It would be 

worthwhile, however, to examine how the combined spectral regions (VNIR-MIR) 

perform in terms of accuracy of the developed calibration model. It has been shown 

that a combined application of the visible and IR regions for quantitative assessment 

of some soil properties has resulted in improved the prediction of some properties (24, 

29).  

 In the 2D NMR/IR heterospectral correlation analysis, the spectroscopic probes were 

applied to HF-treated soils because these materials are suitable for 13C NMR analysis. 

Therefore, the spectra used for that experiment were not derived from intact soils in 

which minerals and organic materials are both present and produce spectral signatures 

in the IR spectra. Since the results, eventually, need to be related to real situations 

where soil IR spectra are investigated and used, 2D correlation spectroscopy could be 

attempted in order to directly correlate MIR spectra of HF-treated soils with those of 
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untreated soils. It may also be possible to examine a 2D correlation spectroscopy 

between the 13C NMR spectra of HF-treated soils and intact soil MIR spectra. In this 

way, one may identify how effectively the chemistry of SOM can be captured in the 

MIR spectra of whole soil. 

 It is believed that the use of particular wavelengths (IR bands), which directly relate 

to a specific property, improves the performance of the developed calibration model 

(30). Choosing the right IR bands, however, is not free of the risk of losing some 

useful information unless there is a deep understanding about the IR band 

assignments. Since the 2D NMR/IR heterospectral correlation analysis reveals the 

bands associated directly with the chemistry and content of organic carbon, IR 

calibration models could be developed using relevant selected bands. This may 

increase the accuracy of the IR prediction tools in quantitative assessments of fOC, 

organic carbon chemistry, and sorption Kd values for hydrophobic pesticides.  
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6   Supporting Information 

6.1. TEST COMPOUND: DIURON 

A hydrophobic pesticide diuron [3-(3,4-dichlorophenyl)-1,1-dimethylurea] was chosen as 

a test compound in this study. Diuron is an herbicide which has been registered in 

Australia for more than 20 years now. There have always been concerns about the 

potential adverse effects of diuron on environmental health and quality especially because 

it has the ability to contaminate waterways as a result of runoff from lands where it has 

been applied (1). It is a substituted phenylurea-based herbicide that acts through the 

inhibition of photosynthesis with a wide range of agricultural and non-agricultural 

applications (1). Diuron has a relatively high octanol-water partition coefficient (KOW = 

710) and a moderate to low aqueous solubility (36.4 mg/L at 25 °C). Moreover, diuron is 

chemically stable and resistant to hydrolysis within the normal pH range found in the 

environment (pH 4 to 9) and is moderately sorbed into SOM (KOC ≈ 400-500) (2, 3). Such 

molecular properties makes diuron a relatively persistent xenobioitic in the soil 

environment (half life of 90–180 d) (2). The above properties plus being free from 

confounding factors such as speciation and pH effects, potential degradation during 

experiments and ease and sensitivity of its residue analysis, make diuron a suitable test 

compound for this study. The availability of substantial sorption data (KOC) in the 

literature, reports of surface water contamination and its current environmental relevance 

further justified choice of diuron as test compound. 
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Figure 6.1. Carbon skeleton diagram showing the molecular structure of diuron. 

6.2. SELECTED SOILS 

A set of 112 surface soils from south-eastern South Australia was chosen from an existing 

soils database (4). Detailed information on the organic carbon content and sorption 

properties of these soils can be found in section 6.3. Figure 6 gives an overview on the 

localities of the selected soil samples. The soils cover a wide range of annual rainfall, 

vegetation and land use, but represent similar parent material and soil genesis. Parent 

materials are either highly siliceous or argillaceous sedimentary rocks and metasediments, 

or Tertiary and Quaternary sediments derived from these rocks. Quaternary aeolian 

carbonate deposition has resulted in the development of calcareous soils, some of which 

have horizons high in carbonate in their surface horizons. A subset of the soils have 

moderate to high salinity, an outcome of clearing that has caused the rise of a saline 

ground water table. 
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Figure 6.2. Map showing the soil profile locations in South Australia (n = 112). 



98 

 

6.3. SORPTION PROPERTIES AND ORGANIC CARBON CONTENT OF SOILS 

Soil ID fOC (%) Kd (L/Kg) Soil ID fOC (%) Kd (L/Kg) 

01 2.72 23.01 27 1.13 4.15 

02 8.30 29.65 28 0.93 2.93 

03 2.64 19.16 29 0.62 2.64 

04 1.68 7.05 30 2.24 8.13 

06 1.84 7.29 31 0.93 3.60 

07 4.35 32.43 32 1.03 3.40 

08 3.77 12.80 33 1.28 2.96 

09 8.95 37.36 34 1.59 5.15 

10 3.38 15.80 35 0.98 2.79 

11 2.16 8.12 36 0.48 1.12 

12 2.60 8.29 37 1.35 2.65 

13 0.22 0.20 38 1.43 5.44 

14 1.11 2.95 39 1.33 4.21 

15 1.92 5.46 40 0.78 3.35 

16 2.51 11.33 41 0.65 1.85 

17 1.18 2.86 42 0.77 1.41 

18 1.31 3.55 43 1.42 5.40 

19 1.07 3.14 44 0.85 1.54 

20 0.81 1.40 46 1.22 3.51 

21 0.71 1.63 47 1.16 5.23 

22 0.53 1.22 48 1.15 3.69 

23 2.23 5.38 49 1.56 7.83 

24 0.41 0.86 50 1.66 6.35 

25 1.12 3.95 51 0.58 2.93 

26 1.89 5.34 52 0.26 0.52 
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6.3. Continued. 

Soil ID fOC (%) Kd (L/Kg) Soil ID fOC (%) Kd (L/Kg) 

53 0.95 5.02 78 1.49 4.34 

54 1.22 5.44 80 2.21 5.14 

55 1.25 5.29 81 0.06 0.01 

56 0.88 5.78 82 1.54 41.97 

57 0.79 2.52 83 1.37 4.62 

58 0.94 2.45 84 1.19 8.38 

59 0.40 0.58 85 1.02 2.41 

60 0.87 2.79 86 1.86 6.81 

61 1.01 2.15 87 1.69 3.85 

62 0.68 2.86 88 0.44 0.91 

63 0.48 1.66 89 1.62 5.64 

64 0.54 1.42 90 1.87 4.77 

65 1.99 5.71 91 0.38 1.68 

66 1.39 4.77 92 0.46 1.16 

67 1.68 5.63 93 0.97 3.70 

68 3.03 15.36 94 0.65 1.86 

69 1.98 10.19 95 2.54 8.40 

70 2.10 10.17 96 2.84 15.80 

71 1.85 10.58 97 0.94 2.40 

72 1.61 4.68 98 1.65 3.75 

73 2.75 9.60 99 1.28 3.78 

74 1.49 4.24 100 3.67 15.56 

75 0.84 1.20 101 0.63 1.06 

76 1.35 4.26 102 1.64 3.98 

77 0.88 2.10 104 1.80 6.53 
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6.3. Continued. 

Soil ID fOC (%) Kd (L/Kg) Soil ID fOC (%) Kd (L/Kg) 

107 3.08 66.84 113 3.14 91.34 

108 3.59 30.05 114 1.64 4.14 

109 6.05 40.03 115 1.29 4.80 

110 6.54 36.22 116 1.90 10.79 

111 2.24 2.61 117 1.46 3.19 

112 2.67 7.85 118 3.54 12.13 
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6.4. DETAILS OF THE CORRECTIONS MADE FOR MOISTURE CONTENT, 

SORPTION BY TEST VESSELS AND FILTERS 

6.4.1. CORRECTIONS FOR THE ACTUAL MASS TAKEN FROM SOILS 

CONSIDERING THE AIR-DRIED WATER CONTENT 

Although 5 g of each soil sample was taken for each replication, the actual mass of soil 

was slightly less due to water content of the samples in air-dried condition. Therefore, the 

air-dried water content for all the soil samples was measured and actual mass of soil was 

used in calculating Kd values. 

6.4.2. SORPTION TO TEST VESSELS 

Control samples (which contained no soil) were used to minimize the effect of adsorption 

of the test compound to the surface of vessels on the determination of Kd. Control 

samples were run with each batch of samples, and the concentration remaining in those at 

the end of the experiment was considered as the initial concentration, i.e. it was assumed 

that the same amount of diuron was sorbed to the surface of the vessels in each treatment 

as was the case for the control samples. Preliminary experiments showed an average 

sorption of 2.7% from 10 ml solution with an initial diuron concentration of 1 ppm after 

24 hours shaking. 

6.4.3. SORPTION TO FILTERS 

Diuron sorption to filters was measured in preliminary experiments at three different 

concentrations. Diuron sorption percentages from 0.25, 0.45, 0.95 μg/mL were 9.5%, 
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8.2%, and 5.0%, respectively, from 2 mL of the syringed solution. An average value of  

7.6% was used to correct for this effect in calculating equilibrium concentrations. 

6.5. REGRESSION PLOTS FOR PREDICTION OF DIURON SORPTION (Kd) IN 

14 CALCAREOUS SOILS BY MIR-PLS MODEL VERSUS KOC MODEL 

 



103 

 

6.6. PLOT OF CORRELATION BETWEEN fOC AND REFERENCE Kd VALUES 

(n=112) 
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6.7. SOME PROPERTIES OF SOILS (OTHER THAN fOC AND DIURON Kd) 

Soil 
ID 

Site No† Profile description‡ pH§ 
Sand§ 
(%) 

Silt§ 
(%) 

Clay§ 
(%) 

CO3
§ 

(%) 

1 CH117 Deep gradational clay loam 6.3 --- --- --- 0 

2 CH047 Deep gradational clay loam 4.9 --- --- --- 0 

3 CH097 Acidic gradational loam over rock 6.4 --- --- --- 0 

4 CH041 Acidic clay loam over red clay on rock 5.0 --- --- --- 0 

6 CH139 Gradational sandy loam over sandstone 6.1 --- --- --- 0 

7 CH111 Acidic loam over red clay on rock 5.8 --- --- --- 0 

8 CH001 Sandy loam over brown clay 5.4 76 11 13 --- 

9 CH112 Acidic ironstone sandy loam 5.7 --- --- --- 0 

10 CH113 Sandy loam over poorly structured brown 
clay 

5.3 --- --- --- 0 

11 CH062 Acidic sandy loam over red clay on rock 5.4 --- --- --- 0 

12 CH136 Shallow sandy loam on rock 7.6 --- --- --- 0 

13 MO043 Deep sandy loam 8.0 93 0 6 0 

14 MO045 Sandy loam over red clay 6.5 81 4 18 0 

15 MO036 Deep sand 7.4 96 2 2 0.9 

16 MO003 Loam over dark clay on calcified rock 7.2 60 15 25 0 

17 MO026 Sandy loam over red clay on calcified rock 7.5 85 3 12 0 

18 MO025 loamy sand over red clay on calcified rock 7.7 82 10 8 0 

19 MO021 sandy loam over poorly structured red clay 7.0 80 6 14 14 

20 MO039 loamy sand over poorly structured red clay 8.6 83 10 7 1 

21 MO020 Shallow sandy loam over rock 7.3 91 2 7 0 

22 MO040 Thick sand over red sandy clay loam 6.9 90 8 2 0 

23 MO033 Shallow calcareous loam --- 80 6 14 --- 

24 MO027 Gradational red clay 8.3 62 4 34 0.4 

† Site No. as stated in South Australian Soils Database (4). 
‡ Description as given in South Australian Soils Database (4). 
§ Information from surface horizon. 
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6.7. Continued. 
Soil 
ID 

Site No† Profile description‡ pH§ 
Sand§ 
(%) 

Silt§ 
(%) 

Clay§ 
(%) 

CO3
§ 

(%) 

25 MO034 Gradational calcareous clay loam 8.4 72 4 24 0.2 

26 MO035 Grey cracking clay 8.7 68 4 28 8.2 

27 MO002 Deep bleached sand 7.8 94 3 3 0.1 

28 MO017 Sandy loam over red sandy clay on rock 7.2 89 1 11 0 

29 MO011 Bleached sand over sandy clay loam 7.0 96 1 3 0 

30 MO015 Shallow sandy loam over calcrete 8.3 85 4 11 2 

31 MO005 Loamy sand over dispersive red clay on 
rock 

7.0 95 3 2 0 

32 MO008 Loamy sand over hard clay on rock 8.1 90 3 7 0.2 

33 MO009 Shallow sandy loam over rock 8.4 80 4 16 0.7 

34 MO038 Shallow gradational sandy loam over rock 8.0 80 10 10 0 

35 MO037 Sand over red sandy clay loam 8.2 90 5 5 0.2 

36 MO051 Deep sandy loam 8.6 88 3 9 0 

37 MM027 Calcareous sandy loam 8.6 --- --- --- 8 

38 MM020 Shallow calcareous sandy loam on calcrete 8.5 --- --- --- 3 

39 MM011 Shallow calcareous sandy loam on calcrete 7.8 --- --- --- 2 

40 MM013 Gradational red sandy loam 6.4 --- --- --- 0 

41 MM014 Deep bleached siliceous sand 6.9 --- --- --- 1 

42 MM048 Loamy sand over red sandy clay 7.5 --- --- --- 0 

43 MM018 Shallow calcareous sandy loam on calcrete 8.0 --- --- --- 1 

44 MM064 Shallow calcareous sandy loam on calcrete 8.9 --- --- --- 1 

46 MM067 Shallow calcareous sandy loam on calcrete 8.7 --- --- --- 1 

47 MM147 Gradational sandy loam 7.2 --- --- --- 0 

48 MM146 Shallow calcareous sandy loam on calcrete 8.3 --- --- --- 0.9 

49 MM152 Loamy sand over poorly structured clay 7.9 --- --- --- 0.1 

50 MM134 Sandy clay loam over dispersive red clay 7.5 --- --- --- 0 
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6.7. Continued. 

Soil 
ID 

Site No† Profile description‡ pH§ 
Sand§ 
(%) 

Silt§ 
(%) 

Clay§ 
(%) 

CO3
§ 

(%) 

51 MM131 Sand over poorly structured brown clay 7.4 --- --- --- 0 

52 MM042 Bleached sand over sandy clay loam 6.3 --- --- --- 0 

53 MM041 Sandy loam over poorly structured brown 
clay 

5.8 --- --- --- 0.7 

54 MM031 Sandy clay loam over dispersive red clay 7.2 --- --- --- 0.3 

55 MM039 Sand over poorly structured brown clay 6.0 --- --- --- 0.5 

56 MM037 sandy loam over poorly structured red clay 6.7 --- --- --- 0 

57 MM122 Sandy loam over dispersive sandy clay 
loam 

7.6 --- --- --- 0.1 

58 MM035 Sand over dispersive red clay 6.2 --- --- --- 0 

59 MM034 Deep bleached siliceous sand 6.1 --- --- --- 0 

60 MM130 Loamy sand over sandy clay loam 8.5 --- --- --- 0.7 

61 MM131 Calcareous sandy loam over clayey 
substrate 

8.6 --- --- --- 4.2 

62 MM049 Loamy sand over dispersive brown sandy 
clay 

6.7 --- --- --- --- 

63 MM063 Thick sand over sandy clay 6.6 --- --- --- 1 

64 MM057 Thick sand over sandy clay 6.8 --- --- --- 1 

65 MM056 Grey cracking clay 8.2 --- --- --- 3 

66 SE005 Sand over dispersive brown clay 6.6 --- --- --- 0 

67 SE079 Thick bleached sand over brown clay 8.2 --- --- --- 0.5 

68 SE078 Sandy loam over grey brown clay 6.8 --- --- --- 0 

69 SE002 Ironstone sandy loam over red alkaline 
clay 

7.7 --- --- --- 0.6 

70 SE015 Sandy loam over poorly structured brown 
clay 

6.3 --- --- --- 0 

71 SE004 Loam over poorly structured brown clay 6 --- --- --- 0 

72 SE045 Sand over sodic brown clay 7.2 --- --- --- 0 
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6.7. Continued. 

Soil 
ID 

Site No† Profile description‡ pH§ 
Sand§ 
(%) 

Silt§ 
(%) 

Clay§ 
(%) 

CO3
§ 

(%) 

73 SE044 Sand over sodic brown clay 7.6 --- --- --- 0 

74 SE046 Shallow calcareous loam over calcrete 8.3 --- --- --- 3.4 

75 SE047 Shallow sand over clay on calcrete 8.4 --- --- --- 0 

76 SE043 Sand over friable sandy clay loam 6.4 --- --- --- 0 

77 SE007 Bleached siliceous sand 6.1 --- --- --- 0 

78 SE072 Bleached sand over calcrete 6.7 --- --- --- 0 

80 SE073 Sand over sandy clay loam on calcrete 8.2 --- --- --- 3 

81 MM107 Shallow sand over sandy clay on calcrete 6.8 --- ---- --- 1 

82 SE074 Deep saline sand 9.2 --- --- --- 23 

83 MM105 Shallow sand over sandy clay on calcrete 7.3 --- --- --- 1 

84 MM068 Wet saline soil 9.1 --- --- --- 3 

85 MM010 Bleached sand over sandy clay loam 6.7 --- --- --- 0.1 

86 MM102 Calcareous clay 8.2 --- --- --- 3 

87 MM097 Sandy loam over sandy clay on calcrete 7.6 --- --- --- 2 

88 MM096 Bleached siliceous sand 6.8 --- --- --- 1 

89 MM080 Sandy clay loam over dispersive brown 
clay 

8.2 --- --- --- 2 

90 MM079 Shallow calcareous sandy clay loam 8.4 --- --- --- 5 

91 MM082 Bleached siliceous sand 7.1 --- --- --- 1 

92 MM075 Bleached siliceous sand 6.3 --- --- --- 1 

93 MM084 Thick bleached sand over sandy clay loam 6.7 --- --- --- 1 

94 MM073 Deep sand 6.9 --- --- --- 1 

95 MM116 Shallow saline clay loam over calcrete 8.4 --- --- --- 3 

96 MM119 Saline calcareous sandy clay loam 9.3 --- --- --- 12 

97 MM118 Shallow sand over sandy clay on calcrete 6.5 --- --- --- 0 

98 MM109 Gypseous calcareous loam 7.8 --- --- --- 1 
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6.7. Continued. 

Soil 
ID 

Site No† Profile description‡ pH§ 
Sand§ 
(%) 

Silt§ 
(%) 

Clay§ 
(%) 

CO3
§ 

(%) 

99 MM113 Shallow gradational sandy loam over 
calcrete 

7.8 --- --- --- 1 

100 MM111 Wet saline clay loam 7.4 --- --- --- 1 

101 MM108 Saline calcareous sandy loam 8.4 --- --- --- 1 

102 MM071 Shallow calcareous sandy loam over 
calcrete 

7.6 --- --- --- 1 

104 MM070 Shallow sandy loam over calcrete 6.8 --- --- --- 1 

107 MM069 Shallow highly calcareous sandy loam 8.4 --- --- --- 25 

108 SE068 Wet calcareous clay 8.7 --- --- --- 24 

109 SE084 Calcareous black cracking clay 8.1 --- --- --- 40 

110 SE054 Calcareous clay on marl 7.9 --- --- --- 15.6 

111 CH086 Highly calcareous loamy sand 8.4 --- --- --- 31 

112 EC097 Highly calcareous sandy loam 8.3 --- --- --- 62 

113 SE034 Wet saline soil 9.0 --- --- --- 44.7 

114 EF021 Shallow highly calcareous sandy loam 8.3 --- --- --- 32 

115 EF017 Highly calcareous saline sandy loam 8.9 --- --- --- 31.5 

116 EF018 Highly calcareous sandy loam 8.2 --- --- --- 45 

117 EC089 Highly calcareous sandy loam 8.4 --- --- --- 40.3 

118 EL035 Highly calcareous sandy loam 8.2 --- --- --- 63 

† Site No. as stated in South Australian Soils Database (4). 
‡ Description as given in South Australian Soils Database (4). 
§ Information from surface horizon. 
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