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Abstract

Soil analysis for agriculture, pollution assessment/remediation or resource exploration requires
rapid procedures that are reliable, fast and cheap. This study examined the potential of visible
near infrared diffuse reflectance spectroscopy (VNIR DRS) for soil analysis with emphasis on
soil organic carbon (SOC) and extractible total petroleum hydrocarbon (ETPH). Preliminary
laboratory studies were conducted to determine if visible near infrared diffuse reflectance
spectral data contain adequate information for characterising SOC and ETPH and to identify
sensitive wavelength regions best suited for quantitative modeling. It was concluded that VNIR
DR spectra contained adequate information to quantify both SOC and ETPH in soils. Modelling
with the whole spectrum was also found to give better predictions compared to modelling with
portions of the spectrum. A 76/24 dataset split pattern was identified as an optimal split, ensuring
that significant proportions of datasets are used for both model calibration and testing. Soil is
inherently heterogeneous varying in space. The prediction performances of VNIR DRS models
were observed to reduce with an increase in the geographical size of soil collection sites
indicating that the best calibration models will likely be generated from spectral data derived
from local soils with similar geology. Performance of VNIR DRS for characterizing ETPH was
affected by SOC content. Higher model performances were observed at low organic carbon
content, though all models developed for the SOC range studied (0.94 — 26.5%) had good
prediction qualities (RPD > 2). Similarly, model performances were also affected by the type of
petroleum hydrocarbon product that had been used to contaminate soils. This study provides
evidence that VNIR DRS can be an important analytical approach to soil analysis particularly

when and where costs and time are limiting conditions.
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Chapter 1

1.1. Introduction

The soil is a precious natural resource which supports agriculture and underpins a healthy
population. No two soils are the same and variations occur in time (as biological and chemical
processes break down or combine compounds over time) and in space (both vertically and
horizontally). Overall, the soil is a mixture of minerals, organic matter, gases, liquids and living
organisms performing four important functions. It serves as a sink for carbon sequestration and
as such helps to mitigate the effect of global warming. It is a habitat for hundreds of organisms,
thereby functioning as a gene bank. It is a regulator of water movement in the landscape and also
serves as an environmental filter of nutrients and pollutants that may leach into the environment

(Kettler, 2016).

An accurate knowledge of soil components, including macronutrients (nitrogen, phosphorus, and
potassium), is needed for efficient agricultural production, including site-specific crop
management (SSCM), where soil amendment rates are adjusted spatially based on local
requirements (Kim et al., 2006). Of particular importance is the organic carbon component of the
soil, which improves the physical properties of soil by increasing both the cation exchange
capacity (CEC) and water-holding capacity (Leeper and Uren, 1993). It also contributes to the
structural stability of soils by helping to bind particles into aggregates and has been widely
accepted as a major indicator of soil health. Apart from the contribution of soil organic carbon
(SOC) to the physical quality of the soil, its presence also supplies plants with nutrients such as
N, P, K, Ca, Mg and Na required for growth. In addition, the structure of micro and macro

organisms within the soil is largely influenced by the quantity of SOC (Thiele-Brunh et al.,
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2012) which acts as an energy stock for their survival, and the microbial community in turn, and

is essential for carbon cycling.

Unfortunately, soils have been subjected to severe degradation and/or pollution due to
anthropogenic activities. One particularly prevalent form of pollution of soils derives from
petroleum hydrocarbon production, transport and usage, which has attendant adverse
environmental and human health consequences. Petroleum hydrocarbon contamination of soils is
particularly worrisome in developing countries such as Nigeria, Gabon and Mauritania, with
inadequate preventive and remediative environmental policies, leading to large scale pollution
that is often allowed to remain in the soils for extended periods before a clean-up or remediation

procedure is carried out.

When petroleum hydrocarbon contamination in soil is left unattended, it clogs soil pores, thereby
suffocating soil microbial community and consequently destroying soil quality by releasing toxic
components into it. According to Tang et al. (2011), a total petroleum hydrocarbon content of
0.5% within the soil will inhibit the activity of luminescent bacteria while a 1.5% content is
considered to be a critical toxic level for plants and earthworms. Given that petroleum
hydrocarbons are potential soil contaminants and neurotoxins for humans and animals (Schwartz
et al., 2009), there is need for sustainable remediation techniques to restore the soil to a healthy
productive condition. This cannot, however, be achieved without an adequate characterization of

the type and extent of hydrocarbon contamination.

Thus, analysis of soils for organic carbon content and extent of petroleum hydrocarbons in cases
of contamination is of importance both for agricultural and remediation applications respectively.

Most often, economic decisions on whether or not to plant, apply fertilizers and/or deploy

17



specific remediation procedures are usually made based on the results of soil analysis.
Conventional soil analytical procedures rely on laboratory testing of dried and ground soils.
Multiple soil cores are collected in the field and transported to the laboratory where they are
dried. After drying, the samples are passed through a sieve to achieve the required consistency
and finally tested for physical and/or chemical properties These methods are often laborious,
costly, time consuming and inadequate when high spatial and temporal resolutions are required
(Chakraborty et al., 2012) taking days for soil preparation, analysis and result reporting, with the
possibility of inaccurate results due to equipment constraints and/or mishandling of samples.
These analytical challenges have prompted an increase in demand for alternative effective

methods of soil characterisation.

One of the emerging alternatives is the visible near - infrared diffuse reflectance spectroscopy
(VNIR-DRS). Over the past two decades, research on the use of spectroscopy in soil science to
quantify soil properties such as soil mineralogy, organic matter, plant nutrients and soil texture
has increased (Brown et al., 2006; Wetterlind et al., 2008b) due to the fact that it permits rapid
and cost-effective quantification as compared to traditional chemical analyses (Schwartz et al.,
2009). By utilizing the electromagnetic spectrum, radiation reflected from soils can be regressed
against measurements of soil components determined by conventional soil analysis. The
constructed statistical models, if stable and strong, can be successfully utilized to quantify the
total petroleum hydrocarbon content and other parameters, such as organic carbon and total soil

carbon, from unknown soil samples.

Soil spectra generated in visible near - infrared region usually have complex absorption patterns
due to the overlapping absorption of soil constituents and scattering effects caused by soil

structure and other soil properties, such as moisture and colour (Stenberg, 2010). Specific data in
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the spectra therefore require mathematical extraction before they can be correlated with soil
properties. The difficulty in interpreting Vis-NIR spectra has, however, been overcome to a large

extent by the use of advanced chemometrics and data-processing techniques (Pasquini, 2003).

Univariate descriptive tools such as mean, median, standard deviation, and Normal distribution
can be useful, but they limit the interpretation and understanding of a process by only looking at
one variable at a time, potentially leading to incorrect conclusions (CAMO, 2011). Multivariate
analysis, however, makes it possible to find patterns and relationships between several variables
simultaneously and, in addition, make it possible to predict the effect a change in one variable
will have on other variables. Multivariate analysis also generally solves the problem of
interference from compounds closely related to the target compound, thereby eliminating the
need for selectivity (Naes et al., 2002). Hence, the efficient analysis of soil spectra requires the

use of multivariate calibrations (Martens and Naes, 1989).

Common calibration methods for soil applications are based on linear regressions. They include
stepwise multiple linear regression (SMLR) (Viscarra Rosell et al., 2006), principal component
regression (PCR), and partial least squares regression (PLSR). SMLR is usually used due to the
inadequacy of more conventional regression techniques such as multiple linear regression (MLR)
to accommodate spectral data with large numbers of collinear variables and a lack of awareness
among soil scientists of the existence of full spectrum data compression techniques such as PCR
and PLSR. Both of these techniques (PCR and PLSR) are related and, in most situations, make
similar predictions. They can also cope with data containing large numbers of predictor variables
that are highly co-linear. However, PLSR gives better prediction results when there are fewer

components than PCR (Naes et al., 2002).
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1.2.  Soil and Soil Analysis

The characterization of soil conditions and its spatial and temporal changes as a result of natural
and anthropogenic activities are vital for managing of soil health for agricultural purposes. Soil
analysis, an investigation into the condition of soil, be it physical observation or extensive
laboratory procedures, have been used for many years to assess and manage soil fertility.

Soil nutrient assessment is an important aspect of precision agriculture. This ensures that current
soil composition with respect to variable properties (e.g., pH, organic matter, and soil nutrient
levels), field (e.g., slope and elevation) and crop parameters (e.g., yield and biomass) are
managed in such a way as to optimize inputs such as fertilizers and herbicides (Whelan and
Taylor, 2013). Due to the effects of farm inputs, such as fertilizers, on soil and ground water
quality, soil analysis have been widely used to determine where insufficient or excess nutrient
levels occur (Hengl et al., 2017; llori et al., 2014; Zeng et al., 2012).

Declining soil health accentuated by intensive farming, erosion and/or resource exploration
causes environmental and economic problems. Assessment of physical and soil chemical
attributes can therefore serve as tracers to monitor such activities. However, soil characterization,
especially for large scale monitoring, is usually limited due to the costly and time consuming
intensive manual sampling and preparation associated with conventional soil analysis (Kim et al.,
2006). In more recent times, reflectance spectroscopy has been proposed as a time and cost
effective tool for mapping chemical and physical attributes of the soil. These soil attributes can
be determined based on diagnostic absorption characteristics inherent in a soils reflectance

spectrum (Chabrillat et al., 2013)
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1.2.1. Total Organic Carbon

Soil carbon is a generic name given to all forms of carbon in the soil. It is a major pool of the
carbon cycle that is continuously being fed by biomass and non-biomass sources such as quartz
and feldspars and clayey materials. Carbon that is fixed by plants is transferred to the soil
through dead plant and animal materials. This dead organic matter creates a substrate which

decomposes adding to the carbon content of the soil.

Soils contain carbon in both organic and inorganic forms. However, in most soils, the majority of
carbon is held as soil organic carbon (SOC). This differs from soil organic matter (SOM) which
is the totality of biomass such as tissues from dead plants and animals, materials less than 2 mm
in size, and soil organisms present in the soil at various stages of decomposition. The term soil
organic carbon is used to refer to carbon stored in organic constituents in the soil such as tissues

from dead plants and animals, products from tissue decomposition and soil microbial biomass.

The organic matter content of the soil, of which carbon constitute a major part, serves as a
chelate to a great number of nutrient cations and trace elements that are of importance to plant
growth. It buffers soil from strong changes in pH, prevents nutrient leaching and is essential to

organic acids that make minerals available to plants (Leu, 2007).

A number of methods have been used to determine total organic carbon in soils. The wet
oxidation methods, such as the Walkley and Black method and the Mebius method are the most
accessible, but have the disadvantage of being laborious, involving the use of toxic reagents
(Pimentel et al., 2006). Auto analyzers allow for rapid and reliable determinations by dry
combustion (Sato et al., 2014), however, the cost of each determination is higher than the cost of

wet combustion methods (Segnini et al., 2008). Also, the gravimetric dry combustion method is
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rarely used in routine soil organic carbon analysis, due to low sample throughput and difficulty
in automation (Miyazawa et al., 2000). There is no consensus on the ideal or standard method for
soil carbon analysis. Recovery efficiencies using these different methods depend on the type of
substrate that comprises the organic matter (Conyers et al., 2011), hence making comparison of
experimental results difficult. Each method also relates differently with soil texture and

mineralogy (Zinn et al., 2007).

1.2.2. Petroleum Hydrocarbon Contamination of Soils

Petroleum or crude oil is an oily liquid which occurs naturally and consists primarily of
hydrocarbons, the remaining fraction consists of oxygen, nitrogen or sulphur and trace amount of
organometallic compounds (NRC, 1985). It is found occasionally in springs or pools but usually
obtained from beneath the earth’s surface through the use of drilling wells. The physical and
chemical compositions of petroleum vary markedly depending on the source. The colour of

crude oil can be black, red, amber or brown.

Crude oil is a raw material for almost every industry, either as fuel or a component in the
manufacture of medicinal drugs, plastics, detergents, synthetic rubbers as well as many solvents
(Speight, 1990). In the United Kingdom, an average of 1651.25 thousand barrels day™ of crude
oil was consumed between 2008 and 2011. In the energy sector, fuel oils from petroleum account
for a large proportion of raw materials, with an average of 60,909 thousand tonnes of crude oil
day™, accounting for 44 % of total fuels used in the generation of energy in 2011 (DECC, 2013).
Due to this large dependence and consequent exploration of petroleum, release of contaminants

into the environment during petroleum extraction, refinement, and transportation, is a common
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problem. Petroleum may also get into the environment through natural sources such as
earthquakes and geological seepage from the ocean floor. Other avoidable causes of petroleum
spills in the environment include vandalism/sabotage, theft, illegal dumping and equipment
failure. It is estimated that more than 9 million gallons of crude oil have spilled in the United
States since 2010 (Harrington, 2016). Similarly, the Niger Delta region of Nigeria has a
devastating history of oil spills, with petroleum hydrocarbons in soil at depths of at least 5 m
(UNEP, 2011). Sadly, there is a lack of systematic scientific information about how much
spillage has occurred over time. A 2014 report on petroleum contamination within the Niger
Delta region of Nigeria by the Shell Petroleum Development Company of Nigeria Limited
records as much as 1000m?® of crude oil spilled in one month, with sabotage being the main cause

of spills (figure 1.1).
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Figure 1.1: Volume of crude oil spilled within the Niger Delta region, Nigeria in 2014 (SPDC,

2014)

24



The use of petroleum for such a broad spectrum of activities has led to the release of petroleum
products into the environment through accidental spills, long-term leakages, operational failures,
broken oil well service lines, leaking storage tanks or crumbling infrastructure, and underground
gasoline storage tanks at local fuel stations. In some cases, where oil production is occurring
concurrently with crop production, agricultural soils are affected (Ite et al., 2013), but in other
instances, the contamination may take place in wildlife refuges or national parks (Chakraborty et
al., 2012). Consequently, many soil and water environments are contaminated with petroleum
hydrocarbons.

The toxicity of petroleum hydrocarbon compounds in the environment have been extensively studied
(Kharaka and Dorsey, 2005; Ugochukwu and Ertel, 2008). Soil petroleum contamination endangers local
and regional ecological systems, food chains, and even creates the risk of explosion in urban areas (Fine
et al,, 1997). Release of petroleum hydrocarbons during exploration and transportation of
petroleum and its products cause damage to terrestrial and aquatic environments. Aliphatic
hydrocarbons, when released into the soil, cause changes in soil microbial population and
physical properties (Kadafa, 2012). Petroleum hydrocarbon contamination of soils also causes
displacement of soil oxygen, leading to asphyxiation of soil microorganisms, a limiting factor to

soil fertility and hence crop productivity (Onwurah et al., 2007).

The persistence of some petroleum hydrocarbons in the environment is a matter of significant
public, scientific and regulatory concern because of their potential toxicity, carcinogenicity and
ability to bioconcentrate up the trophic ladder (Marmiroli et al., 2006). Continued presence of
petroleum hydrocarbons may cause phytotoxicity leading to crop failure. If this does not occur,

and the crops are able to acclimatize, bioaccumulation of the pollutants to dangerous levels may
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occur such that the consuming public is at risk. The continued presence of these recalcitrant

pollutants in the soil could also result into groundwater contamination.

The effect of petroleum hydrocarbon contamination of soils on the economic wellbeing of a
community cannot be overemphasized. Some past spills in the Niger Delta region of Nigeria
have necessitated the complete relocation of some communities, loss of ancestral homes,
pollution of fresh water, loss of forest and agricultural land, destruction of fishing grounds and
reduction of fish population, destroying the major source of income for the people (Ukoli, 2005).
Understanding the type and extent of pollution is a key aspect of pollution management.
Techniques that can help delineate polluted sites include carefully collected samples of soil and
rapid site characterization techniques. Rapid site characterization techniques allow for rapid
definition of the physical and chemical characteristics of the contaminated site (WDNR, 2003).
On-site, rapid techniques for analyzing total petroleum hydrocarbon is especially important
where a response action is needed immediately after an accident to minimize major
environmental damage, and also for urban development where delays to construction can be
costly (Forrester et al., 2012).This helps to reduce costs associated with their management, and
the likely impacts of future pollution incidents (Okparanma et al., 2014). For effective
management of these compounds in the environment, knowledge of their concentration and

distribution is vital.

1.2.2.1. Characterization of Petroleum Contaminated Soils

Total petroleum hydrocarbons (TPH) is a gross parameter commonly used to quantify
environmental contamination originating from petroleum products such as fuels, oils, lubricants,

waxes, and others ( ESD, 1993). The conventional wet chemistry methods for quantifying TPH
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in soil samples are based on extracting the contaminant from a known quantity of soil (Schwartz
et al., 2012). The TPH level in the extracted solution is then determined by gravimetry, IR
spectroscopy or GC measurement. Total petroleum hydrocarbon (TPH), a mixture of different
hydrocarbons, is generally used as an indicator of petroleum contaminated soils.

Apart from being expensive, the wet chemistry methods may also give incorrect TPH readings
due to the fact that extraction yields can be strongly matrix dependent, soil moisture content
dependent, and the extraction method development and optimization can be quite complicated
(Schwartz et al., 2012). Lastly, there is an added analytical procedure that involves silica gel
clean-up to remove five to six-ring alkylated aromatics in the extraction mixture (Xie et al.,
1999). This increases the time required for analysis. Measurement of petroleum hydrocarbons in
contaminated soils using conventional methods also requires rigorous field sampling, making
wide-scale quantitative assessment difficult (Dent and Young, 1981). Gas-chromatography based
laboratory methods for total petroleum hydrocarbon (TPH) quantification lack field-portability
(Forrester et al., 2010). In addition, a lack of standardized methods has resulted in high
variability in TPH results across commercial laboratories (Malley et al., 1999). Hence, there is a
strong need for an innovative, fast, environmentally friendly, and cheaper sensing technology to
identify petroleum contaminated areas for remediation and to monitor restoration on an ongoing

basis (Prince, 1993).

1.3.  Spectroscopy and Soil Characterization

Spectroscopy, the interaction of electromagnetic radiation with matter is useful in many ways to
determine both the identity of compounds and their concentration in mixtures. Environmental

analysts have used visible and ultraviolet spectroscopic methods for years, in which common
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colorimetric tests for properties of water, such as acidity, have been reduced to simple kit forms,
using visual colour matching or hand-held portable colorimeters (Kebbekus and Mitra, 1998).
Infrared spectroscopy is also being used in compound characterization and the development of
long range IR sensors, while X-ray fluorescence is being used to determine the atomic
composition of solid materials, having the advantage of operating on solids without prior
dissolution (Kebbekus and Mitra, 1998).

The spectral reflectance of a soil is a cumulative property derived from the inherent spectral
behaviour of the various heterogeneous components (minerals, organic matter, and water
molecules) present in the soil. Soil parameters are estimated through either direct or indirect
relationships of soil reflectance with the chemical, physical, and biological characteristics of the

soil matrix (Chabrillat et al., 2013).

Across the electromagnetic spectrum, three regions have proved sensitive to soil properties. They

include

1. The visible region (400 to 780nm). This region provides information on soil colour, iron
content and composition, soil water, and organic matter.

2. The near infrared (NIR) (780 to 2500 nm). This region provides information on
phyllosilicates, most sorosilicates, hydroxides, some sulphates, amphiboles, carbonates,
soil water, and organic matter.

3. The mid-infrared (mid-IR) (2500 to 25000 nm). This spectral region provides information
on quartz, feldspars, silicate minerals, mafic, clay, carbonate mineral group, and organic

compounds (Chabrillat et al., 2013).
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1.3.1. Visible Near Infrared Diffuse Reflectance Spectroscopy (VNIR DRS)

Reflectance spectroscopy is commonly applied for quantitative determination in many
disciplines. When radiation is incident upon a sample, it may be reflected, absorbed or
transmitted, and the relative contribution of each phenomenon depends on the chemical
composition and physical characteristics of the sample (Nicola et al., 2007). Reflection is due to
three different phenomena. Specular reflection occurs on glossed surfaces, external diffuse
reflection is induced by rough surfaces, whereas internal reflection occurs when infrared
radiation enters an attenuated total reflectance crystal made of a highly refractive infrared
transmitting material.

In diffuse reflectance spectroscopy, incident radiation is focused onto a rough or irregular surface
material, such as a powder, fibre or granules. The diffusely scattered light is then collected and
measured using a spectrometer that is optimized to increase collection of the diffuse reflectance
component and decrease the specular component. Figure 1.2 shows a pictorial representation of

both specular and diffuse reflectances from a surface.
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Figure 1.2: Pictorial representation of diffuse and specular reflectances
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To generate a soil spectrum, radiation containing all relevant frequencies is directed onto a
soil sample. Depending on the constituents present in the soil, the radiation will cause
individual molecular bonds to vibrate, either by bending or stretching, and they will absorb a
portion of light with a specific energy corresponding to the difference between two energy
levels. The remaining radiation, reflected back into space and read by a spectrophotometer
produces a spectrum with a characteristic shape that can be used for analytical purposes
(Miller, 2001).

Visible near infrared diffuse reflectance spectroscopy (VNIR DRS) involves measuring the
reflected electromagnetic energy from the soil samples in the VIS-NIR region (350 -2500
nm), and modelling the spectral data against samples with known concentration levels.
Information about the soil components hidden within the spectral data is extracted using
multivariate statistical techniques, also called chemometrics (Schwartz et al., 2012).
Measurements within the visible near infrared region is usually characterised by a small
number of broad, overlapping and weak absorption features that are difficult to interpret.
However, this region contains useful information on organic and inorganic materials in the
soil (Stenberg et al., 2010). Measurements within the VNIR are also particularly
advantageous because the NIR radiation can typically penetrate deeper into a sample than
mid infrared radiation (Nagy and Konya, 2009).

According to Reeves et al. (2002) the predictive accuracy of VNIR DRS in soil analytical
studies reported in a number of studies suggests that it might replace standard laboratory
methods for some applications (soil organic C, inorganic C, dithionate—citrate extractable Fe,
cation exchange capacity, total N, 1.5 MPa water, basal respiration rate, sand, silt, and
Mehlich 111 extractable Ca) (Chang et al., 2001; Brown et al., 2005, 2006; Stenberg et al.,

2010).
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1.3.1.1. Soil Organic Carbon

Soil organic carbon is the most frequently estimated soil property obtained from visible near
infrared diffuse reflectance calibrations (Stenberg, 2010). Due to the complex nature of soil
organic matter, absorption features associated with organic carbon occur at a wide range of
wavelengths with fundamental absorptions occurring in the mid infrared and their overtones
and combinations occurring in the visible near infrared. Bands around 1100, 1600, 1800,
2000, 2200 and 2400nm have been identified as being important for both soil organic carbon

and total soil nitrogen calibrations (Stenberg, 2010; Martin et al., 2002).

It has been suggested that the visible near infrared interacts better with soil organic carbon
than the infrared region alone and, therefore, gives a better prediction when used in
calibrating models (Viscarra Rossel et al., 2006). This can be due to the fact that absorptions
attributed to organic carbon in the visible region are clearer and easily identified when
compared to weak and hidden absorptions in the infrared region. In addition, the organic
carbon content of soil influences its colour which is an important factor for prediction in the
visible region (Udelhoven et al., 2003). Including the visible region (350-780nm) in the
calibrations for soil organic carbon have resulted into better results for Australian soils (Islam
et al., 2003), Norwegian soils (Fystro, 2002), US land resource areas (Chang et al., 2001) and
South eastern Australian soil(Dunn et al., 2002). However, other soil properties, such as
moisture, texture and mineralogy, may also influence the colour of soils, implying that colour

may only be useful as a discriminator within a limited region of sampling.

1.3.1.2. Total Petroleum Hydrocarbons
The spectral properties of petroleum hydrocarbons were identified at the late 1980s, though it

was argued that these properties are only visible at concentrations of 4% wt and above
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(Cloutis, 1989). Schwartz et al. (2012) compared diffuse reflectance spectroscopy as a tool
for TPH assessment with results from three commercial certified laboratories using
traditional methods. The reflectance spectroscopic method was found to be as good as the
commercial laboratories in terms of accuracy. In addition, large variations were found
between the results of the three commercial laboratories, both internally and between
laboratories, emphasizing the need for an alternative rapid, environmentally friendly and cost

effective screening tool for soil analysis that is reproducible.

Over the last two decades, the main focus of various studies on visible near infrared diffuse
reflectance spectroscopy of soils have been on basic soil composition, such as soil organic
matter (SOM), texture, clay mineralogy, soil fertility, structure, microbial activity.
Advantages of using visible near infrared diffuse reflectance spectroscopy for soil analysis

include

1. There is no need for sample preparation, such as drying and crushing, and therefore
the samples are not affected in any way as compared to the destructive sampling of
conventional soil analysis

2. No hazardous chemicals are required

3. Measurements takes a few seconds and results are available for prompt decision
making

4. Several soil properties can be estimated from a single scan

5. The approach can be used both in the laboratory and in-situ (Viscarra Rossel et al.,

2006)
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1.3.2. Spectral Pre-processing

Spectral pre-processing involves the use of certain techniques to remove any irrelevant
information present within spectra which affects the extraction of information present within
the spectra or cannot be handled properly by regression techniques. Issues associated with
spectra requiring pre-processing include noise, variations in pathlength, poor spectral
resolution of equipment and overlap of individual spectra for the constituents in the sample

(Naes et al., 2002).

1.3.2.1. Averaging

Averaging spectra is usually carried out during the acquisition of the spectrum to reduce the
thermal noise of the detector. Averaging wavelengths is also done to reduce the number of
wavelengths or to smooth the spectrum. Modern spectrophotometers typically have an optical
resolution finer than 10 nm. While this certainly increases statistical processing time it does
not necessarily improve the information content of the spectra for studies measuring the

relatively broad absorption bands of soil constituents (Nicolai et al., 2007).

1.3.2.2. Smoothing

Smoothing techniques, such as moving average filters and the Savitzky-Golay algorithm, are
employed to remove random noise from spectra (Naes et al., 2002). There have been
reservations as to the use of smoothing techniques even though it obviously improves the
visual aspect of spectrum. Smoothing can remove fine resolution information at a stage where
it is not clear yet whether this information is useful, and since the multivariate regression
techniques typically used for calibrations already incorporate an explicit model for additive

noise, the need for smoothing have been questioned (Nicolai et al., 2007).
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1.3.2.3. Normalisation

Normalization is used to compensate for additive (baseline shift) and multiplicative (tilt)
effects in the spectral data, which are induced by physical effects, such as non-uniform
surface scattering, which is dependent on the wavelength of the radiation, the particle size
and the refractive index. Among the most common Normalization methods offered by
chemometric software, multiplicative scatter correction (MSC) is the most popularly used
technique (Naes et al., 2002). The technique also attempts to remove the effects of scattering

by linearising each spectrum to the average spectrum of the sample (Nicolai et al., 2007).

1.3.24. Derivatisation

Derivatives of reflectance spectra are usually calculated by difference to perform baseline
corrections and remove weak signals. Second derivatives are mostly used as they improve
spectral resolution and the peak positions are same as the original (Chakraborty et al., 2012).
During processing, caution should be exercised to ensure that the parameters of the algorithm
(interval width, polynomial order) are carefully selected to avoid amplification of spectral

noise (Nicolai et al., 2007).

1.3.2.5. Log Transformation

Reflectance measurements are frequently converted to Logio (1/R), which are then used in a
similar way to optical density readings (Nicolai et al., 2007). This approach has been widely
used to correct for the non-linearity within spectra when measuring transmittance or
reflectance. One other transformation used to account for nonlinearity within spectra is the

Kubelka—Munck transformation (1-R)?%/ 2R.
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1.3.2.6. Standard Normal Variate (SNV)

The standard normal variate pre-processing tool removes scatter effects by centering and
scaling each individual spectrum. It is sometimes used in combination with de-trending (DT)
to reduce multicollinearity, baseline shift and curvature within spectroscopic data especially
diffuse reflectance spectra. It also removes multiplicative interferences of scatter and particle

size effects from spectral data (CAMO, 2011).

1.3.2.7. Detrending (DT)

Detrending (DT) is used to remove nonlinear trends in spectroscopic data. It is often used in
combination with the standard normal variate (SNV) to reduce multicollinearity, baseline
shift and curvature. The detrend tool calculates a baseline function as a least squares fit of a
polynomial to the sample spectrum. As the polynomial order of the detrend increases,

additional baseline effects are removed (CAMO, 2011).

1.3.3. Multivariate Calibrations

Multivariate calibration is an area of chemometrics that focuses on finding relationships
between one set of measurements that are easy and cheap to acquire and another set of
measurement that is either labour intensive or expensive to obtain. The aim is to find good
relationships such that expensive measurements can be easily and rapidly predicted with high
accuracy from the cheaper measurements. In routine use, multivariate predictions save time,
money and eliminate error associated with the laboratory analyst.

Diffuse reflectance spectra of soils in the visible near infrared usually contain broad
overlapping absorption features. These measurements are also affected by the problem of

non-selectivity as no single wavelength provides sufficient information to describe the

36



analyte being measured (Naes et al., 2002). This characteristic lack of specificity is worsened
by scattering effects caused by soil structure or certain constituents such as quartz (Sparks,
2010). All these effects result in complex absorption patterns that require specific statistical
tools for data extraction. Over the last few decades, efforts have been made to extract relevant
information from visible near infrared diffuse reflectance spectra of soils and predict soil
properties. Most calibration methods used by researchers are based on linear regressions such
as partial least squares (PLSR), stepwise multiple linear regression (SMLR) and principal
component analysis (PCR). Data-mining techniques such as Multivariate Adaptive
Regression Splines (MARS), neural networks (NN) and the boosted regression trees(BRT)
have also been employed to identify and describe correlations between soil properties of
interest (Vasques, 2008).

Chemometric and data-mining approaches are easy to use, requiring no extensive
understanding of spectroscopy, and can be used to quickly produce predictive models given
spectral datasets with associated laboratory data for calibration. Statistical modelling is,
however, prone to over fitting, as with any high-dimensional statistical method. Cross-
validation alone can often give over-optimistic estimates of model predictive accuracy
(Dardenne et al., 2000). To overcome this, independent datasets are used to validate diffuse
reflectance models using a randomly selected 25-33% sample of a given data set (Brown et

al., 2006).

1.3.3.1. Multiple linear Regression

Multiple linear regression is an approach for modelling the relationship between a scalar
dependent variable Y and more than one explanatory variables X; - X,. If the regression

modelling involves only one independent variable, it is referred to as a simple linear
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regression. Linear regression models are often fitted using the least squares approach.

Multiple linear regressions have the following properties:

= The number of X variables must be smaller than the number of samples
= In the case of collinearity among X variables, the b-coefficients are not reliable and
the model is not stable

= |t tends to over-fit when noisy data is used (Xin, 2009)

The ability of X variables to vary independently of each other is a crucial requirement for
variables used as predictors in multiple linear regressions. When variables are correlated, as
in spectral data, procedures are required in which hidden information in multiple X variables
that best describes the variation in Y are used as a basis of the regression modelling.
Therefore, multiple linear regressions may be of little use in chemometrics due to the

collinear nature of spectral data.

1.3.3.2. Principal Component Analysis

Principal components analysis (PCA) is a data reduction technique usually applied to
environmental data, where datasets may be large and difficult to interpret, and where
complex inter-relationships between variables are difficult to identify and visualize. It is used
to explain the variations and groupings within a data set using new variables (principal
components) which have been calculated from linear combinations of the original variables.
The first principal component, or factor, accounts for the greatest variability in the data, and
there can be a number of new components each accounting for less data variability than the
previous (Webster, 2001). Factor loadings are correlation coefficients between the original

variables and the factors and are used to describe the processes that control data variability.
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Factor scores indicate how strongly individual samples are associated with each of the
factors, and thus can be used to investigate similarity between samples, where samples with a
similar composition will have similar scores and may, therefore, have similar contaminant
sources and/or behaviour (Reid and Spencer, 2009).

The use of PCA in the analysis of environmental data is varied and widespread. It has been
applied to the study of heavy metal distribution in sediments (Spencer, 2002) and soil
acidification in forest soils (Boruvka et al., 2005). It has also been used to examine spatial
variability of contaminants (Backe et al., 2004), discriminate between contaminant sources
(Chakraborty et al., 2010; Kim et al., 2006; Mudge and Duce, 2005), discriminate between
samples according to the variable soil types, organic carbon levels, oil grades, and oil
concentrations (Chakraborty, 2012; Li et al., 2004; Christensen et al., 2004), and to identify
key variables for environmental monitoring purposes (Carlon et al., 2001; Shin and Lam,

2001).

1.3.3.3. Partial Least Square Regression (PLSR)

Partial Least Square Regression is a chemometric technique that employs statistical rotations
to overcome the problem of dimensionally correlated predictors. In principal component
regressions, principal components are chosen so that they describe as much variation in the
predictor variables as possible, irrespective of the strength of the relationship between the
predictor and the response variable. However, in partial least square regressions, the order of
the regressor channels (wavelengths in the case of spectral reflectance data) is ignored. This
means that the same results will be obtained when the regressors are shuffled (Chakraborty.
2012). Like principal component regression (PCR), the partial least square (PLS) starts by

generating linear combinations of the predictor variables. In PLS, variables that show a high
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correlation with the response variables are given extra weight because they will be more
effective in prediction. In this way, latent variables are derived that are highly correlated with
the response variable and are able to explain the variation in the predictor variables (Miller
and Miller, 2000). For soil characterization, Partial Least Squares (PLS) regression using the
1st derivatives of soil reflectance is commonly used to reduce high-dimensional spectral data
obtained from near infrared and middle infrared detectors (Udelhoven et al., 2003). Studies
by Hazel et al. (1997) demonstrated the adverse effect of moisture on relatively small sample
sets and showed that it was possible to counter the negative effects of soil moisture by the use

of PLS regression methods.

1.3.34. Support Vector Machine Regression (SVMR)

The support vector machine regression is a non parametric regression characterized by the
usage of kernels, absence of local minima, and sparseness of the solution and capacity
control. The performance of the SVM algorithm depends on a good setting of three meta-
parameters: capacity parameter C, a free parameter ¢ that serves as a threshold, and the kernel
parameters. This regression tool has an advantage of avoiding difficulties of using linear
functions in the high dimensional feature space, as the optimization problem is transformed

into dual convex quadratic programmes (Drucker et al., 1997)

1.4.  Gaps in Research

Research on the use of the VNIRDRS for analysis of soil is on the increase. There is
increasing evidence from these studies that the approach could be a potentially cheaper,
faster, safer and efficient technique for soil analysis. However, there have been differences in
the levels of accuracies reported by individual studies on analysis of both soil organic carbon

and total petroleum hydrocarbons. There is need for additional research to advance this
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approach to a mature analytical technique, hence an investigation into its potential for
analyzing soil organic carbon and total petroleum hydrocarbons in soils.

There is relatively large body of work within the literature on the application of VNIRDRS
for the analysis of soil organic carbon. These studies have been conducted using soils
obtained within a defined area or region (i.e. soils expected to have similar reflectances).
However, soil is inherently complex and soil composition varies in space. As such, spectral
reflectance of soils collected from differing sites may vary despite having similar contents of
organic carbon. It is, therefore, important to extend research on this technique to capture the
complex variability of soils in an attempt to assess the spatial viability of this approach to soil
analysis.

Spectral reflectances are accumulations of responses from the various soil components. They
are also influenced by variations in the composition of these soil components, as some of
them react similarly across the electromagnetic spectrum because they possess similar
functional groups (as is with the case with petroleum hydrocarbons and organic carbon
compounds). It should, therefore, be of interest as to whether diffuse reflectance models
predict soil parameters based upon spectral absorption of such soil components or whether
they are built indirectly upon correlations with other soil components that can also influence
soil reflectance. Therefore, this study seeks to investigate how concentrations of soil organic
carbon influence the predictive accuracies of models calibrated for total petroleum
hydrocarbons. This study also seeks to further understand the effect petroleum hydrocarbon
sources will have on the application of VNIR DRS to analyzing total petroleum hydrocarbons

in soils.
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1.5.  Objectives of Study

The objectives of this study include

1. To investigate the potential of predicting total organic carbon (TOC) in soils using
visible near infrared diffuse reflectance spectroscopy.
a. Assess the spatial viability of VNIR DRS in analyzing TOC in soils
b. Compare the predictive potentials of VNIR DRS to MIR in analyzing TOC in
soils
2. To investigate the potential of predicting petroleum hydrocarbon contamination in
soils using visible near infrared diffuse reflectance spectroscopy.
a. Assess the effect of TOC concentrations on the performance of models
developed for extractible total petroleum hydrocarbons (ETPH)
b. Assess the effect of petroleum hydrocarbon contamination sources on the

performance of models developed for ETPH

3. Study the performances of VNIR DRS regression models
a. Investigate the effect of sample split patterns on the calibration and predictive
accuracies of models
b. Investigate the calibration and predictive accuracies of models generated using
different regression tools
4. Propose the most appropriate approaches for the use of spectral analysis for SOC and

TPH in soil samples.
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Chapter 2. Method Development

2.1. Introduction

Developing models for future prediction of soil parameters from visible near infrared diffuse
reflectance spectra require data from a reference analysis, albeit limited in number due to the
costs implications. The calibration statistics are, therefore, dependent on reference
measurements and can never be better than the quality of the chemical reference analyses
(Wetterlind et al., 2013). This means that errors present in the reference chemical analysis to
which the spectra are correlated will be included in the calibration model, reducing the
potential of obtaining good predictions. The analytical methods used within this research are
illustrated in table 2.1a, while table 2.1b details he softwares used for data analysis. This
chapter describes how the extraction/GC-FID analyses for petroleum hydrocarbons were
optimised prior to modelling studies. It also details the method for obtaining visible near
infrared diffuse reflectance spectra of diesel contaminated soils to assess if they contain
adequate information for characterising petroleum hydrocarbon contamination in soils.
Lastly, it explores the potential of different wavebands within the visible near infrared diffuse
reflectance spectral data, in terms of their performance in estimating petroleum hydrocarbon

contamination.
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Table 2.1a: Analytical methods

Measurement Methods Instrumentation

Extractible total petroleum Extraction/ GC- Gas Chromatograph/Flame ionization

hydrocarbons (ETPH) FID analysis detector (GC-FID)

Soil organic carbon Milling/ flash Organic elemental analyser (Thermo
combustion Scientific Flash 2000)

Spectral Scanning GER3700 V-SWIR spectrophotometer

Table 2.1b: Data analytical softwares

Procedure

Software

Principal component analysis (PCA),

Multivariate regressions

Continuum removal on spectra

Unscrambler-X 10.3 analytical software

developed by CAMO.

DISPEC software developed by NASA Jet

Propulsion Laboratory.
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2.2.  Optimising Extraction/Cleanup/Gas Chromatography Procedure

2.2.1. Introduction

Petroleum hydrocarbon contamination in soils is conventionally analyzed using an approach
based on a solvent extraction and silica gel solid-phase clean-up/fractionation process. Gas
chromatographic (GC) analysis using a flame ionization detector (FID) is then used to
identify and quantify both target aliphatic and polynuclear aromatic hydrocarbon analytes in

the extract (MADEPH, 2009).

The term ‘extractible total petroleum hydrocarbon (ETPH)’ is used to describe the quantity of
petroleum hydrocarbons that can be successfully extracted from a contaminated
environmental sample. This definition is specifically used in contrast to total petroleum
hydrocarbons (TPH), which is the totality of hydrocarbon compounds that can be attributed to
all crude oil fractions, some of which may not be extractable from the matrix. The objective
of this study was to optimise the accuracy of the extraction/gas chromatographic procedure

for analysis of extractible total petroleum hydrocarbon.

2.2.2. Methodology

The MADEPH 2009 procedure is a set of Quality Assurance and Quality Control protocols
for the analysis of petroleum hydrocarbons recommended by the Massachusetts Department
of Environmental Protection, State Of Connecticut. It quantifies extractable aliphatic
hydrocarbons within two specific ranges: Cg through Cis, and Cig through Cszs, while
extractable aromatic hydrocarbons are collectively quantified within the C;; through Cy;
range. The sum of the concentrations in these three ranges gives the total extractible
petroleum hydrocarbon. A modified version of the MADEPH 2009 procedure was optimized

as follows.
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a. Establishment of retention time windows and optimisation of GC-FID system operation

Serial injections of standard solutions of aliphatic and aromatic petroleum hydrocarbons were
made into the GC-FID. The retention time window for each hydrocarbon analyte was

calculated thus:

Rt window = Mean + 35D

Gas chromatography analytical conditions are as follows:

Column: 30m x 0.25mm x 0.5um nominal

Oven temp: Initial temp 60°C, hold 1 min ramp to 290°C at 8°C/min hold
6.75 min

Total run: 36.5 min

Gas flows: Carrier: Helium at 2 mL/min

Oxidiser: Air at 400 mL/min

Fuel: Hydrogen at 35 mL/min

Makeup: Nitrogen at 45 mL/min
Injector temp: 285°C

Detector Temp: 315°C

b. Optimisation of silica gel solid-phase clean/fractionation process

High purity grade Silica gel (70 — 230 mesh) and anhydrous sodium sulphate were activated
in separate beakers by adding analytical hexane to each, ensuring that it is submerged and
then sonicating in a water bath for 30 minutes. The hexane was allowed to evaporate and the

reagents were then heated overnight at 130°C. 6ml SPE Cartridges were packed first with 1g
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of activated silica gel and then 0.5g anhydrous sodium sulphate and a polyethylene frit (20

um porosity) was placed at the top.

200ppm standard solutions of petroleum hydrocarbon analytes (14 aliphatic and 17 aromatic
compounds) were prepared from certified reference materials using analytical grade hexane
as solvent. 0.5ml of standard solutions was cleaned and fractionated by using variable
volumes (2.5, 3, and 3.5) ml of hexane to elute the aliphatic hydrocarbon fraction while the
aromatic fraction was then eluted by washing the column down slowly with 9ml of 3%
isopropyl alcohol in hexane. The fractions were concentrated to 1ml under a gentle blow of
nitrogen and transferred to 1.5 ml GC vials for analysis. The recoveries from the extraction

for ETPH analytes were calculated thus.

Concentration in extract
% Recovery = - — — X 100
Concentration of spiking solution

c. Assessment of the Efficiency of Extraction Procedure

10 ml of an hexane: acetone (1:1) mixture was added to 1g each of a sand blank( 50 — 70
mesh white quartz CRM) and an agricultural soil (pH= 6.2) both previously spiked with
200ppm petroleum hydrocarbon standard containing 14 aliphatic and 17 aromatic
compounds. The mixture was sonicated for 15 minutes and shaken at 60 rpm for 60 minutes.
4 ml of deionised water was added and the vials were left in the freezer. The entire top layer
was pipetted and the extract evaporated to 1 ml under a gentle blow of nitrogen. Extracts

were transferred to GC vials and analysed.
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2.2.3. Results and Discussion

Table 2.2 (a, b) illustrates the retention times of ETPH marker compounds comprising of 14
aliphatic hydrocarbons (Cq-C3s) and 16 aromatic hydrocarbons (C11-C2,).The retention time
for each analyte was observed to be affected by the matrix. Chromatograms of extracts
derived from the sand blank and standards solutions had ETPH analytes appearing at earlier
retention times compared with extracts from agricultural soils. Similarly, the retention time
windows also varied after every GC - FID equipment maintenance operation. Consequently,
retention time windows were updated at every start of an experiment and when maintenance

operations are carried out on the equipment.

Percent recoveries of aliphatic ETPH analytes increased with an increase in the volume of
Hexane used for SPE fractionation (figure 2.1). The highest recoveries (65% - 89%) for
aliphatic ETPH analytes were obtained when 3.5ml Hexane was used. However, a test of
means ( analysis of variance (ANOVA)) showed no significant difference (p<0.05) between
the elutions of 3ml Hexane and 3.5ml Hexane for all aliphatic analytes considered. Therefore,
3.5ml Hexane was considered an adequate elution volume for fractionating aliphatic ETPH
analytes, while still avoiding premature releases of the aromatic analytes through the column.
Percent recoveries for aromatic analytes range between 50% - 81%. 9ml isopropy! alcohol
was therefore considered adequate for elution of aromatic analytes. It is recommended
thatpercent recoveries should fall within 40 and 140% for all ETPH ranges and target PAH

analytes, except for n-nonane which must be between 30 and 140% (MADEPH, 2009).
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Table 2.2a: Retention times (Rt) of aliphatic ETPH marker compounds

Compound Matrix
Pure standards/ Soil blank Agricultural soil

n-Nonane 5.72 5.91
n-Decane 7.65 7.82
n-Dodecane 11.22 11.39
n-Tetradecane 14.32 14.50
n-Hexadecane 17.04 17.20
n-Octadecane 19.43 19.71
n-Nonadecane 20.53 20.80
n-Eicosane 21.57 21.72
n-Docosane 23.53 23.62
n-Tetracosane 25.22 25.35
n-Hexacosane 26.80 26.91
n-Octacosane 28.25 28.34
n-Triacontane 29.58 29.67
n-Hexatriacontane 34.90 35.01
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Table 2.2b: Retention times (Rt) of aromatic ETPH marker compounds

Compound Matrix
Pure standards/ soil blank Agricultural soil

Naphthalene 9.16 9.33
Acenaphthylene 13.29 13.48
Acenaphthene 13.77 13.96
Fluorene 15.24 15.43
Phenanthrene 17.73 17.96
Anthracene 17.86 18.06
Fluoranthene 20.95 21.15
Pyrene 21.48 21.68
benzo(a)anthracene 24.78 24.99
Chrysene 24.90 25.09
benzo(b)fluoranthene 27.52 271.77
benzo(k)fluoranthene 27.57 28.35
benzo(a)pyrene 28.25 29.66
ineno(1,2,3-cd)pyrene 30.89 31.03
dibenzo(a,h)anthracene 31.30 32.75
benzo(g,h,i)pyrelene 35.05 35.09
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The percent recoveries of all ETPH marker compounds from the acetone: hexane extraction
process ranged between 68.6% — 94%with an average of 88.6% for aliphatics and 74 % for
aromatics (Figure 2.2). The MADEPH 2009 protocol recommends percent recoveries
between 40 and 140% for all ETPH marker compounds, except for n-nonane which must be
between 30 and 140%; results outside this range are not acceptable. Recoveries from
extraction/fractionation were monitored during subsequent experiments to ensure the required
performance standards are met. The extraction/ silica gel clean-up procedure had an overall
efficiency of 69.4%. To monitor overall efficiency for subsequent experiments,
recommended ETPH surrogates (Chloro-octadecane and O-Terphenyl) were included in
analyses.

Figure 2.3 illustrates a chromatogram of an extract from a diesel contaminated soil. Eleven
(11) aliphatic ETPH analytes (Co-Cy6) were identified while all ETPH aromatics were below

the detection limit (0.05ppm) of the Chromatograph.
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2.3.  Assessment of variability in VNIR DR Spectra of diesel contaminated soils

2.3.1. Introduction

Radiation when directed on soil causes functional groups within soil components to vibrate
either by bending or stretching, leading to the absorption of a part of the radiation. The non-
absorbed radiation is reflected back and can be measured as a reduced signal relative to the
incident radiation. The quantity of reflected radiation and the wavelengths at which these
occur depends on the chemical matrix. The resultant reflectance spectrum produces a
characteristic shape that can be used for detection and possible quantification of a wide range

of molecules (Stenberg et al., 2010).

Obtaining the VNIR DR spectra of petroleum hydrocarbon contaminated soils is a non
destructive process and can be adapted for fieldwork such that measurements can be carried
out in-situ. It also takes less time and requires less cost compared with conventional wet
chemistry procedures for petroleum hydrocarbon analysis described above. This approach
can, therefore, be a particularly useful approach for characterising petroleum contaminated
soils, especially when finance and time constraints limit soil analysis. Diffuse reflectance
within the visible near infrared is, however, characterised by broad absorptions, scattering
effects and large numbers of multi-collinear variables and, as such, require statistical tools to

extract information from them.

This section details the method used to obtain visible near infrared reflectance spectra of
diesel contaminated soils to identify possible variations that can be attributed to increasing
levels of diesel contamination. It also measures the strength of the relationship between these

spectral variations and petroleum hydrocarbon contamination in soil.
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2.3.2. Methodology

a. Soil Processing

Agricultural soil from the University of Reading farm in Sonning, United Kingdom
(51°28'21"N; -0°54'13"E) was collected and oven dried at 20°C for 7 days in a large soil
oven. The soil was homogenised and then sieved to 2mm. 250g subsamples of soil were
mixed thoroughly with varying quantities of diesel fuel to give concentrations of 112, 225,
450, 1000, 2000, 4000, 8000, 10000, 20000, 30000, 40000 and 50000 ppm (wt/wt).
Uncontaminated soils were used as a control. Contaminants in soils were thoroughly mixed
by agitation with a spatula for 1 minute. Samples were then allowed to equilibrate for 2 days

prior to spectral and laboratory analysis.

b. Spectral Reflectance Measurement

Diffuse reflectance spectra of soil samples were obtained in a controlled dark laboratory with
a GER3700 V-SWIR spectrophotometer (350 - 2500nm) coupled with a light source made of
a quartz-halogen bulb. The spectrophotometer has one Si array (350 - 1050 nm) and two
peltier-cooled InGaAs detectors (1050 - 1900 nm and 1900 - 2500 nm). Spectral sampling
interval of the instrument was 3nm at (350 - 1050 nm), 7nm at (1050 - 1900 nm) and 9.5nm
at (1900 - 2500 nm). The light source illuminated the sample at 45°. The spectrophotometer

measured the reflectance spectra at nadir, scanning an area with a diameter of about 60mm.

Sample spectral radiances were compared with those of a reference panel of Spectralon to
determine spectral reflectance, expressed as a percentage. Scans were taken from the soil
samples, tightly packed and levelled in borosilicate petri - dishes (100mm x15mm). Replicate

measurements were collected at four positions by rotating the petri dish at an angle of 90° to
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account for any directional surface scattering effects. Each scan was an average of 16 internal

scans. The 64 replicate scans were then averaged to produce a single scan per sample.

c. Processing of Spectra

Noisy portions in the spectrum (350 — 400nm, 1905 — 1928nm and 2450 — 2500nm) were
removed because of low sensitivity at these wavelengths. This was followed by averaging
adjacent 5 nm wavelengths to reduce the impact of noise. An index, the normalized
difference index (NDI), a modification of the normalized vegetation index (NDVI) was
developed to generate values that describes the observed variation within the spectra using
two wavelengths points at which reflectances were observed to vary with increasing diesel
contamination.

Green plans absorb radiation in the red portion of the visible region for photosynthesis. They
however scatter radiation in the infrared (IR) region because the energy level in the IR region
is not sufficient for photosynthesis and absorption will only lead to overheating of the plant

causing tissue damage. His phenomenon is exploited by the NDVI which quantifies

vegetation by measuring the difference in plant spectral reflectances between near-infrared
(where vegetation strongly reflects) and red portion of the visible region (where plants

strongly absorbs) (Esau et al., 2016).

NIR — Red

NDV] = ———
NIR + Red

The spectral absorptions of hydrocarbon based oils are apparent around 1647nm, 1712nm,
and 1759nm in the first overtone of the near infrared band (Okparanma and Mouazen, 2013).
The derived index (NDIy) therefore utilized spectral reflectances at two points of the

spectrum where soil reflectances were observed to vary strongly in relation to diesel

contamination
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The derived indices were plotted against diesel contamination to observe variations within the
spectra. It should be noted that the derived indices do not give full information from the
spectra. It is therefore used as a graphical indicator, providing an estimate of the gradient of
the spectral reflectance curve between the two measurement points, for qualitative purposes

rather than for quantitative purposes.

(R(2129nm) - R(1728nm))

NDI, =
(R2129nm) + Raa728nm))

Rei2onmy  refers to the wavelength at which the highest reflectance was observed in each

spectrum

Ra7eenm)  refers to the wavelength at which the lowest reflectance associated with

diesel contamination (i.e. maximum absorption) was observed

The use of the raw reflectance is not recommended for the identification and measurement of
individual absorption features since the area, depth and symmetry of a feature will be
strongly influenced by its position on the background continuum (White et al., 2007). During
spectral measurement, there may be a shift in absorption minimum due to a wavelength
dependent scattering impacting a slope on the spectrum. However, removing the continuum

slope corrects the feature minimum to that of the true feature centre (Clark and Roush, 1984).

The continuum removal technique involves fitting a maxima curve over a spectrum to form a
continuum or Hull. A mathematical function is then fitted to the spectrum to represent
absorptions due to processes other than those of interest. These effects can then be removed
by dividing or subtracting the measured spectra from the continuum function (Clark and
Roush, 1984).This allows for a comparison of individual absorption features on each

spectrum from a common baseline (figure 2.4).
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To quantitatively measure the strength of the relationship between variations observed within
spectra and petroleum hydrocarbon contamination in soils, the continuum removal technique
was applied to VNIR DR spectra of diesel contaminated soils using the DISPEC software
developed by NASA Jet Propulsion Laboratory. The depth and areas of two absorption
features at ~1640 — 1760nm and ~2240 — 2340nm, observed to have a positive relationship
with increasing ETPH concentrations, were then calculated using the DISPEC software and

regressed against petroleum hydrocarbon contamination.

2.3.3. Results and Discussion

Figure 2.4 illustrates the visible near infrared diffuse reflectance spectra of diesel
contaminated soils. Overall soil reflectances were observed to decrease with increasing diesel
contamination. Once the raw reflectances were continuum removed, all spectra can be viewed
from the same baseline and specific absorptions associated with petroleum hydrocarbons
were observed at wavelength regions ~1640nm — 1760nm, most likely caused by CH, and
CHgs stretches and bends in the first overtone region of the fundamental C-H stretch between
3300 -3400nm. Another absorption linked with petroleum hydrocarbons is also observed at
~2240nm — 2440nm which is probably a consequence of the C-H stretch of a polyaromatic
hydrocarbon and a C-H stretch of terminal CH3 and CH, saturated hydrocarbons (Okparanma

and Mouazen, 2013).
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Figure 2.4: VISNIR spectral reflectance curves of diesel contaminated soils. Solid lines are

spectral reflectance curves; dashed lines are hull differenced (continuum removed) spectra.
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Figure 2.5 shows the indices generated from reflectance spectra of diesel contaminated soils
as a scatter plot against the spiked diesel contamination. The data indicate increases in index
with increasing soil contamination. However, there seem to be no increase in the index
beyond 30000ppm diesel contamination; possibly indicating that this technique has reached
saturation at these levels. This implies that using the visible near infrared diffuse reflectance
spectra may not be appropriate for distinguishing between soils with diesel concentrations
greater than 30000ppm; at these levels soils should be considered highly polluted. While it
should be noted that this index is used qualitatively, it indicates that diffuse reflectance
spectra of soils can be a useful tool in pollution studies for identifying petroleum hydrocarbon
contamination in soils, as acceptable levels fall below 30000ppm. Acceptable clean-up levels
of total petroleum hydrocarbons in soils vary across locations depending on existing
legislation as well as land use patterns: 1000ppm in Massachusetts (MADEPH, 2014), 50 —
500ppm in Oklahoma (ODEQ, 2012), 59 — 2300ppm in Wyoming (WDEQ, 2000), 100ppm
in Alabama and Arkankas, 100 — 2000ppm in Alaska, <100ppm in Arizona (NSCEP,1993).
The most frequently used soil cleanup standard for total petroleum hydrocarbons in soils is
100ppm, although the standards and guidelines in different states range from background

concentrations up to 10000ppm TPH in soil (Michelsen and Boyce, 1993).

The areas of two identified absorption features at ~1640 — 1760nm and ~2240 — 2340nm
regressed against laboratory measured petroleum hydrocarbon values show strong positive
relationships (R? > 0.70) with increasing ETPH concentrations (figure 2.6).This show that
visible near infrared diffuse reflectance spectroscopy, coupled with continuum removal, can
be used not only to identify petroleum hydrocarbon contamination in soils but also to

quantify concentrations.
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2.4.  Modeling petroleum hydrocarbon content of soil using VNIR DR spectra

2.4.1. Introduction

Visible near infrared spectra are characterised by a large number of multi-collinear variables
with no single wavelength providing sufficient information for the analyte being measured,
thus requiring multivariate regression tools that are able to accommodate the collinear nature
of the variables. Two broad absorption features at ~1640 — 1760nm and ~2240 — 2440nm,
whose areas have strong positive correlations (R>> 0.70) with laboratory measured ETPH
values, have been identified from continuum removed reflectance spectra of diesel
contaminated soils in the previous section of this chapter. This study, therefore, aims to
develop and compare prediction models generated from portions of the visible near infrared
spectra in a bid to identify sensitive wavelength regions best suited for quantitative modeling

of petroleum hydrocarbon contamination in soils.

2.4.2. Methodology

Two groups of agricultural soils: Group Y consisting 43 topsoil samples from the University
of Reading farm in Sonning, (51°2821"N; -0°54'13"E) and Group Z consisting of 51 topsoil
samples collected from the Royal Horticultural Society experimental plots at Wisley,
Surrey,(51°19'24.34"N; 0°28'27.81"W)both in the United Kingdom, were air dried and then
sieved to 2mm. They were then contaminated in the laboratory with different amounts of
diesel fuel and the contaminants thoroughly mixed by agitation with a spatula for 1 minute.
Samples were then allowed to equilibrate for 2 days prior to spectral and laboratory analysis.
Contaminated soils tightly packed and levelled in borosilicate petri — dishes were scanned for
diffuse reflectance spectra in a dark room with a GER3700 VNIR spectrophotometer.

Scanned samples were then analysed for extractible total petroleum hydrocarbon (ETPH)
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content using the optimised extraction/GC-FID procedure described in Section 2.1 of this

chapter.

Partial least square regression (PLSR) models were developed to quantify ETPH in soils from
both VNIR DR spectra and ETPH using different wavelength regions within the spectra.
Prior to model calibration, soil spectra were processed by averaging 5 consecutive
wavelengths to reduce variable size, and application of the standard normal variate/
detrending tool to reduce multi-collinearity, baseline shift and curvature. All spectral pre-
treatment and multivariate calibration/validations were carried out using the Unscrambler-X

10.3 analytical software developed by CAMO.

The predictive accuracies of PLSR models were compared using the coefficient of
determination (R?), root mean square error (RMSE), relative percent difference (RPD) values

and the percentage prediction error (% PE).

TPHpred — TPHmeas)?
RMSEp jz< p )

————— 1
— M
RMSEp
% PE = —;—-x 100 ————————————— )
v
RPD = % /pMSEp — — — — = —— = — - — —— 3)

Where n is the number of validation samples, SD is the standard deviation of the predicted

validation values and Xh, is the largest measured data point within the validation set.

According to ViscarraRossel et al. (2006) and Chang et al. (2001), very poor models show
RPD < 1.0; poor models: 1.0 < RPD < 1.4; fair models: 1.4 <RPD < 1.8; good models :
1.8 <RPD <2.0 and very good models : 2.0 < RPD <2.5; and excellent models have RPD

>2.5.

76



2.4.3. Results and Discussion

Model quality statistics are illustrated in table 2.3. Modeling ETPH using only the
wavelength regions physically identified from the continuum removed spectra to have strong
positive correlations with diesel contamination did not improve model quality. The best
models were obtained when the whole spectrum was used for model calibrations (R? = 0.83;
0.95 and RPD = 2.19; 4.29 for soil groups Y and Z respectively). The lowest percent
prediction errors were also obtained when the whole spectrum was used for model calibration
(figure 2.7). Including both absorption features (1640 — 1760nm and 2240 — 2440nm) in the
modeling gave better model statistics than when each was used individually for modeling.
There was, however, no established pattern regarding which absorption feature was better at
predicting ETPH.

Model calibrations using specific diagnostic spectral features are usually biased by our prior
understanding of the origin of the features. In addition, by using only small parts of the
spectrum, the full information content of the spectra are not utilised (Hurley et al., 2002).
Though the large number of variables, and their multi-collinearity, is a common problem
inherent to visible near infrared diffuse reflectance spectra of soils (Stenberg et al., 2010), the
whole spectrum can be investigated with multivariate statistical tools, such as the partial
least squares regression which is able to extract significant signals and to create reliable

models (Haenlein and Kaplan, 2004).
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Table 2.3: Performance of ETPH — VNIR partial least square regression models of diesel contaminated soils using different wavelength regions

Data set Spectral band Calibration Validation

R% RMSE, R RMSE RPD
Log1o ppm Logio ppm

Y 1640 - 1760nm 0.80 0.30 0.79 0.30 1.85
2240 — 2440nm 0.72 0.22 0.70 0.23 1.83
1640 - 1760nm, 2240 — 2440nm 0.79 0.16 0.77 0.17 2.05
400 — 2500nm 0.83 0.14 0.80 0.15 2.19
Z 1640 - 1760nm 0.89 0.17 0.89 0.17 1.86
2240 — 2440nm 0.94 0.21 0.94 0.21 2.82
1640 - 1760nm, 2240 — 2440nm 0.94 0.14 0.94 0.15 3.52
400 — 2500nm 0.95 0.11 0.95 0.11 4.29
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2.5. Conclusion

Optimizing the analytical procedures to ensure reproducibility is important as the robustness of
future modeling will depend on the reliability of results obtained from both the reference and
spectral measurements. The optimised extraction/silica gel clean-up procedure for ETPH
analysis had percent recoveries from the clean-up/fractionation process ranging between 65% -
89% for aliphatics and 50% - 81 % for aromatics. The Acetone: Hexane extraction processes had
recoveries ranging between 68.6% — 94%with an average of 88.6% for aliphatics and 74 % for
aromatics while the overall extraction/silica gel/clean-up procedure had an efficiency of 69.4%.

A normalised index derived using reflectance values at two wavelength points on the spectra
identified petroleum hydrocarbon contamination up to a limit of about 30000ppm. Applying
continuum removal on soil spectra obtained from the diesel contaminated soils, two broad
absorptions at ~1640 — 1760nm and ~2240 — 2340nm were identified,whose areas were

positively correlated (R%> 0.70) with the degree of diesel contamination.

Selecting the most suitable wavebands within a visible near infrared diffuse reflectance spectrum
for estimating petroleum hydrocarbon contamination is usually cumbersome, as the analysis of a
single feature is typically not sufficient to explore such rich information. Using data from two
groups of soils, ETPH - PLSR models developed from whole spectra were found to have better
prediction potentials compared to PLSR models derived from two absorption features ~1640 —
1760nm and ~2240 — 2340nm. This implies that modeling petroleum hydrocarbon contamination
in soils is better done by incorporating all information provided by several spectral features,
using regression tools that can accommodate multi-collinearity, to ensure that subtle information
are not discarded and the correlations between absorptions at all wavelengths are taken into

consideration.
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Chapter 3. Performance of visible near infrared diffuse reflectance
spectrometry for soil analysis: effect of data split patterns and

regression techniques

3.1. Introduction

The use of visible near infrared diffuse reflectance (VNIR DR) spectra of soils, coupled with
multivariate statistics, has been shown to be a potentially viable analytical procedure for the
rapid determination of the chemical composition of soils. However, VNIR DR spectra are
usually characterised by broad overlapping absorption bands, large multiple collinear variables,
and scattering effects / pathlength variation. They therefore require pre-processing and

multivariate calibrations to extract relevant information on soil composition.

Statistical spectral pre-processing involves the application of statistical tools to spectra in a bid to
remove or minimise noise and interference, emphasise pertinent weak signals and correct for
scattering effects, baseline shifts and variations in path-length. It is the basis for feature
extraction and model development as it plays an important role in the modeling process and the
accuracy of the analysis (Li et al., 2010). Several preprocessing techniques, such as
normalization, multiplicative scattering correction (MSC), standard normal variate (SNV),
detrending (DT), derivatization and data smoothing filters (e.g. Savitsky — Golay
smoothing),have been shown to be effective in reducing the number of latent factors or principal
components within models when compared to unprocessed spectra. The proper choice of
preprocessing can be difficult to determine prior to model validation, and there may not be a
single “best” spectral data pre-processing technique, the decision on which technique to use
depending on the quality of the raw spectra (Shi et al., 2012). However, as a minimum

requirement, the ideal pre-processing should maintain or reduce the effective model complexity.
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While this important step is meant to improve the quality of datasets for consequent modeling, it
could also reduce data quality if not properly used. For example, using the first derivative
spectral transformation prior to modeling may not produce consistent results when working with
datasets obtained from a varied geographical location (Brown et al., 2005). This is due to the fact
that spectral signatures of soil organic matter are highly complex, varying by depth, vegetative
cover and geographical location. The wavelengths at which these absorptions occur within the
visible near infrared region are not entirely unique and may be masked by absorptions associated
with iron oxides and some clay minerals (Clark, 1999). More importantly, the first derivative of
an absorption feature will shift due to the influence of other broad absorptions, making it an
unreliable predictor (Kokaly and Clark, 1999).Therefore, preprocessing of spectra, if needed,
must be done with caution to ensure that only the right preprocessing tools are used in a bid to
avoid an unintentional screen-out of absorption features that may be relevant to the soil
component being modeled.

In principle, during model calibrations, data sets are divided into two groups, one for calibration
or model building and the other for model validation. As the aim of any regression modeling is to
make accurate predictions in the future, the validation of models estimates the uncertainty of
such future predictions. If the uncertainty is reasonably low, the model can be considered valid.
The use of a validation set obtained from the same process as the calibration set but independent
of model calibration provides a real time assessment of the ability of the model to predict future
values of the response variable. However, there is usually a lack of reasonably large data sets due
to high costs of reference analysis and, in most situations, cross-validation results in lieu of test
validation have been reported by most studies(Russell, 2003; Udelhoven et al., 2003) while only

calibration results are reported by some studies(Reeves et al., 2002). Cross-validation does not
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accurately measure the predictive ability of the models as it introduces pseudo — randomness in
the process (Krstajic et al., 2014). Instead, cross-validation better measures the robustness of a
particular model, as estimated by an internal sub-setting of the calibration dataset, rather than
giving information as to the future use of the model (Esbensen and Geladi, 2010).

While there is no fixed value for the number of samples to be used in calibrations (Broad et al.,
2001), between 20 and 30 samples have been proposed for feasibility studies and initial
calibrations (Williams, 2001). The size of an independent randomly selected validation dataset,
relative to the calibration data set, becomes crucial when the dataset is limited. It therefore
becomes important to identify the appropriate data split pattern that can produce a reasonable
accurate calibration model and one that ensures that constructed models are adequately validated.
The choice of which regression tool to use during multivariate calibrations can also be a
challenging task. Due to the heterogeneous nature of soils and the multi-collinear nature of
VNIR DR spectra of soils, the appropriate model must be able to accommodate large data sets of
such nature, as well as emphasise the absorption features relevant to the soil parameter being
measured, while downplaying noise and interferences within the spectra. Several statistical
methods have used been in combination with spectral data for estimating different soil
compositions; the most frequently used being partial least square regression (PLSR).Other
methods used include multiple linear regression (MLR) and principal component regression
(PCR). However, it still remains unclear as to which statistical method is more suitable and can
overcome the problems posed by the heterogeneous nature of soils and multi-collinear properties

of spectra during multivariate calibrations.

85



The aim of this study is to examine the performance of visible near infrared diffuse reflectance
spectroscopy as a potential soil analytical procedure under different dataset split patterns and

regression techniques. Specific objectives include

1. Identify the reasonably appropriate dataset split pattern that produces the best calibration
performance.
2. Study and compare the predictive accuracies of different regression techniques for

analysis of soil carbon and extractible total petroleum hydrocarbons in soils.

3.2.  Effect of dataset split patterns on VNIR DR model quality

3.2.1. Methodology

To assess the effect of data split patterns on model quality, and to identify the appropriate data
split pattern that is capable of producing a reasonably accurate calibration model, four data split
patterns are studied (Table 3.1). Visible near infrared diffuse reflectance spectra of diesel
contaminated soils were pre-processed using the standard normal variate coupled with
detrending technique (SNV-DT) and regressed against extractible total petroleum hydrocarbon
(ETPH) concentrations.

Soils used for this study were carefully homogenized prior to contamination, at varying levels,
with diesel fuel in the laboratory. This was done to ensure that variations within soil spectra to be
modeled originate mostly from petroleum hydrocarbons within the soils. The calibration datasets
for each of the data split patterns studied was carefully selected to cover the range of ETPH

concentrations to be predicted. The spectra of soil samples were also carefully studied and it was
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ensured that the calibration data set is representative of the variations observed within the
population.

Randomly extracting the calibration set from the total population though simple and commonly
used in statistical studies does not guarantee that representative samples are included in the
calibration. It also does not make certain that the samples on the boundaries of the population are
included in the calibration. Similarly, many sample selection methods such as linear algebra
techniques and the Kennard-Stone (KS) algorithm focuses only on the spatial distribution of
samples while the reference data set is not taken into consideration for multivariate calibrations
(Zhang et al., 2014). The calibration set as selected within this study ensures that both the
reference and spectral data sets are included in the sample selection process to improve the
modeling efficiency.

All spectra pre-processing and model calibrations were carried out using the Unscrambler-X 10.3

analytical software developed by CAMO Software, Oslo, Norway.

Table 3.1: Data split patterns studied

Data split pattern % of dataset used for calibration % of dataset used for validation
Full cross-validation 100 100
Split 90/10 90 10
Split 76/24 76 24
Split 50/50 50 50
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Four partial least square regression (PLSR) models were developed using these dataset split
patterns. Qualities of calibrated PLSR models were assessed using the coefficient of
determination R? relative percent difference (RPD) values, root means square error (RMSE)

values and number of latent factors for the optimum model.

R? This is the square of Pearson’s product moment correlation coefficient. It measures the
relationship between the modelled and the measured data on a positive scale between 0 and 1,
the higher the better explanation of the dependent variable by the independent variable. It also
explains the proportion of variation within the predicted response variable that can be

explained by the constructed model.

RMSE: This is a measure of the average deviation between modelled and measured data. When
models generated from the same data are compared, the lower the RMSE, the better. However,
comparing RMSE of models generated from different sets of data may be misleading, as the
RMSE values are unique to each calibration/validation data set and most likely will reflect the

range of values used in the modelling

TPHp — TPHmM)?
RMSE:\/Z( = )

Where TPHp are the modelled values, TPHm are the laboratory measured values and n is the

number of validation samples.

RPD: This is a measure of predictive accuracy.

RPD = SD/pycp
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where SD is the standard deviation of the predicted values. According to Viscarra Rossel et al.
(2006) and Chang et al. (2001), RPD < 1.0 indicate very poor models; 1.0 < RPD < 1.4 indicate
poor models; 1.4 <RPD < 1.8 indicate fair models which can be improved upon: ; 1.§ <RPD <
2.0 good models suitable for quantitative predictions while very good or excellent models have

RPD > 2.0.

In a bid to solve the problem of multi-collinearity associated with reflectance spectra, the partial
least square regression transforms all variables into linear combinations of the variables, referred
to as latent factors. Choosing the model with the optimum number of latent factors is essential. If
too much latent factors are used in a model, the model equation becomes data dependent and will
not give good predictions. Likewise, if too few latent factors are used, the model equation will
not be large enough to capture variability within the calibration data and, as such, will not give
good predictions (Figure 3.1). Therefore, the optimum number of latent factors will be that with

the first local minimum in root mean square error (Esbensen et al., 2000).
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3.2.2. Results and Discussion

Table 3.2 illustrates the quality statistics of PLSR models derived from visible near infrared
diffuse reflectance spectra of diesel contaminated soils using different data split patterns. All
models were able to describe a very large proportion (> 90%) of the variance observed in both
the predictor (spectral data) and response (ETPH) variables. For each of the dataset split patterns,
an increase in validation R? and RPD values was observed with an increase in latent factors up to
point 6 after which it starts to slight decline. Therefore, for each of the dataset split patterns, the
optimum model chosen is that with the least number of latent factors and with the first minimum

in root mean square error of validation to avoid the problem of over-fitting.

The aim of multivariate calibrations is to generate models that can adequately estimate future
values. Therefore, it is important that a validation is performed to increase confidence in the
predictive ability of models. All four optimum models developed in this study had relative
percent difference (RPD) values greater than 2. However, the predictive quality of PLSR models,
as assessed using the RPD and RMSE values, were observed to decline after reaching a
maximum at the 76/24 split pattern (figure 3.2). This was considered as the optimal data split
pattern. This observation aligns with the conclusion of Mourad et al. (2005), who proposed a
validation proportion size greater than 15% but not more than 40% and that using approximately
25% of the entire dataset for validation is statistically optimal. An important point to look out for
when selecting both the calibration and validation sets is to ensure that both datasets are
representative of the variations observed, both within the spectra as well as the soil property
being considered, as each calibration is unique and applicable only for the purpose and range of

distribution for which it was calibrated (Fearn, 2005; Stenberg et al., 2012).
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Table 3.2: Quality statistics of PLSR models developed using different dataset split patterns

Data split Latent Calibration Validation
pattern factor
R% RMSE; R, RMSE,(Logioppm) RPD
(Logioppm)
Full 6 0.92 0.06 0.80 0.09 2.19

cross-validation

Split 90/10 4 0.86 0.08 0.85 0.06 2.30
Split 76/24 4 0.86 0.08 0.94 0.06 3.81
Split 50/50 6 0.90 0.06 0.92 0.07 3.45
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Figure 3.2: Relative percent difference (RPD) for ETPH (Logioppm) estimation using partial
least square regression (PLSR) and different dataset split patterns. Predictive quality of PLSR

model observed to decline after reaching a maximum at the 76/24 split pattern.
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3.3.  Performance of VNIR DR using different regression methods

3.3.1. Methodology

The performance of VNIR DR spectra were assessed and compared using four regression
methods - multiple linear regression (MLR), principal component regression (PCR), partial least
square regression (PLSR) and support vector machine regression (SVMR).Regression models
were developed to predict extractible total petroleum hydrocarbons (ETPH) concentrations using
VNIR DR spectra of diesel contaminated soils and data derived using the modified MADEPH
analytical procedure for extractible petroleum hydrocarbon analysis. Descriptive statistics of

ETPH concentrations in soil samples are presented in Table 3.3.

Visible near infrared spectra were first processed by removing wavelengths less than 400nm and
greater than 2450nm, where high noise effects become significant, due to low signal/noise ratio.
They were then smoothed by averaging five consecutive wavelength points to give a total of 200
wavelength variables. The raw spectra were then pre-processed using a combination of the
standard normal variate transformation (SNV) and the detrending tool prior to multivariate
calibrations. Models were calibrated with 76% of the dataset and validated with 24% of the

dataset independent of calibration, in line with earlier identified data split pattern.

Prior to regression modeling, a principal component analysis was carried out on the data sets to
identify possible outliers. Four samples with very high leverages and residuals are considered

possible outliers and excluded from further modelling.

Due to the inability of the multiple linear regression (MLR) algorithm to handle datasets with
variable sizes larger than the sample size (one of its setbacks), wavelengths that best describes
the variations between soil spectra were identified from continuum removed soil spectra and
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principal component analysis, and were used in calibrating the MLR model.Wavelength
variables used for calibrating ETPH-MLR models include ~1150 — 1550nm, ~1650 — 1750nm,
~1800 — 2100nm and ~2200 — 2449nm. The SVMR model was calibrated using a capacity
parameter (C) and the Gaussian radial basis function (RBF) of 100 and 0.01 respectively,
searched for by the grid searching method. The best SVMR model used 28 support vectors and
explained 93 % of the variation within the ETPH content of soils.

Model performance was assessed using the coefficient of determination R?, relative percent
difference (RPD) values, root means square error (RMSE) values and number of latent factors
for the optimum model. All spectral pre-processing and model calibrations were carried out

using the Unscrambler-X 10.3 analytical software developed by CAMO.
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Table 3.3: Descriptive statistics of the extractible total petroleum hydrocarbon content (Logio ppm) contents of soil samples.

ETPH
N Min Max Mean Median SD Skewness
Whole data set 151 2.36 4.01 3.50 3.62 0.41 -0.50
Calibration dataset 112 2.36 4.01 3.49 3.60 0.42 -0.50
Validation data set 35 2.65 3.95 3.53 3.64 0.37 -0.44

Where N: number of samples; Min: minimum value; Max: maximum value; SD: Standard deviation
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3.3.2. Results and Discussion

The best models calibrated and used for the prediction of ETPH values each for MLR, PCR,
PLSR and SVMR are presented in figure 3.3(a-d). All four regression methods generated models
with very good prediction statistics having high coefficient of determinations (R?) between
measured and predicted ETPH values (MLR = 0.90, PCR = 0.94, PLSR = 0.94, SVMR = 0.96;
p<0.05) .Comparing the four models using the validation RMSE and RPD values, the SVMR
model had the lowest RMSEv of 0.07 Logioppm and the highest RPD value of 4.67. Similar
performances was recorded for PCR model (RMSEv = 0.10Log;oppm; RPD = 3.91) and PLSR
model (RMSEv = 0.08 Log;o %SOC; RPD = 4.14) while MLR preformed the least (RMSEv =

0.12 Logioppm; RPD = 2.95).

The MLR model had the worst performance, although it had very good model quality statistics.
In general, the use of simple models such as the MLR is preferred in studies, and some non-
linear problems within datasets have been adequately solved with linear regression methods
instead of non-linear regressions (Thissen et al., 2004; Shao and He 2011). Some studies have
also reported poor quality models calibrated using the MLR method especially when working
with datasets having nonlinear relationships and multi-collinear variables as observed with
visible near infrared diffuse reflectance spectra and ETPH contents of soils (Shi et al., 2012).
While linear regression methods such as the PLSR and the PCR are able to overcome the
problem of multicollinearity through variable compression and statistical rotations (Esbensen et
al., 2000), the MLR can only solve this problem by using a lower number of variables. This may,
however, result into a removal of wavelengths that may be significant to the prediction of the soil

parameter under investigation.
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Within this study, PLSR and the PCR models performed better than the MLR model despite all
three being linear regression methods. Linear regression methods are based on the assumption
that the relationships between variables are linear. However, such an assumption is not always
valid, thus the linear approaches like the MLR may fail to adequately represent such
relationships (Vohland et al. 2011). The PLSR and PCR regression methods are capable of
modelling non linear relationships by considering models with more latent factors. This should,
however, be done with caution as increasing the number of latent factors or principal
components within a model increases model complexityand results into over-fitting, a situation
in which the model equation is data dependent and not always able to give good predictions
(Esbensen et al., 2000; Rennan et al., 2009). This can be visualised in figure 3.4, where PLSR
model quality parameters were observed to improve up to a maximum of 6 latent factors but
declined thereafter.

Several studies have reported that the SVMR, a nonlinear regression method, is more capable of
modelling the nonlinear relationships between soil components and soil reflectances and as such
should have better estimation accuracies when compared to linear regressions such as the MLR
and the PLSR (Rossel and Behrens 2010; Stevens et al. 2010, Thissen et al., 2004 ). However,
not much difference was observed between the predictive qualities of SVMR, PLSR and PCR
within this study. Similar results have been reported by Shi et al. (2012) and Vohland et al.

(2011).
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3.4.  Conclusion

This study aimed to evaluate the performance of visible near infrared diffuse reflectance
spectroscopy under different dataset split patterns for the estimation of extractible total
petroleum hydrocarbons. Using partial least square regression indicated that using 76% of the
dataset for model calibration produced the best model. This ensures that a considerable
proportion of the dataset are used both to build and validate the models.

Al the four regression methods studied gave good prediction statistics for the dataset used (R*:
0.90 — 0.96; RPD: 2.95 — 4.67). Furthermore very little difference was observed in the
performance of the support vector machine regression, principal component regression and the
partial least square regression, indicating that linear regression models such as the partial least
square regression and principal component regression, like the support vector machine regression
are also capable of modeling nonlinear relationships

This study to access the performance of visible near infrared diffuse reflectance spectroscopy
utilized agricultural soil collected from a single farm and homogenized before analysis.
However, soils are inherently heterogeneous with composition varying in space and contributing
to its overall spectral reflectance. Therefore, additional research is required, incorporating soils
from wider geographical locations with differing land use types to enlarge the

calibration/validation dataset.
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Chapter 4. Rapid characterization of soil organic carbon quality using visible

near infrared diffuse reflectance spectroscopy (VNIR DRS)

41. Introduction

Soil analysis for organic carbon content (SOC) is a key component of sustainable soil fertility
management. Organic carbon in the soil enhances soil structure, water retention as well as
serving as the driving force of all biological activities, providing energy and nutrients for soil
organisms (Craswell and Lefroy, 2001). Most often, decisions whether or not to deploy specific

soil management procedures are usually made based on the results of soil carbon analysis.

Conventional procedures for characterising soil organic carbon, such as chromate oxidation and
combustion, are expensive and time consuming (McCarty et al., 2002; Watson et al., 2000;
Nelson and Sommers, 1996). Loss-on-ignition, which is a cheaper and more rapid procedure, has
also been shown not to be totally accurate due to the decomposition of certain mineral fractions
such as kaolinite, and iron oxyhydroxides (i.e. ferrihydrite) at the high temperatures required by
this method (Lal et al., 2001). In addition, these methods are unsuitable for large scale soil
monitoring where a large number of samples are required for accurate assessments (McCarty and
Reeves, 2006). Thus, these analytical challenges have prompted increase in demand for
alternative cheaper, faster and effective methods of soil organic carbon characterisation

(McBratney et al., 2006; Shepherd and Walsh, 2002).

One of the emerging alternatives is the use of spectroscopy. Over the past two decades, there has
been a rise in research on the use of spectroscopy, combined with chemometrics, to quantify a
variety of soil properties such as soil mineralogy, organic matter, plant nutrients, soil texture and
soil pollutants, such as petroleum hydrocarbons (Brown et al., 2006; Wetterlind et al., 2008b).
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The approach permits rapid and cost-effective quantification, as compared to the traditional
costly and time consuming chemical analyses (Schwartz et al., 2009). This approach has also
been shown to yield comparable results to the traditional methods (Bellon-Maurel and
McBratney, 2011). By utilizing the electromagnetic spectrum, radiation reflected from soils can
be regressed against measurements of soil components such as organic carbon determined by
conventional soil analysis. The constructed statistical models, if stable and strong, can then be
successfully utilized to quantify the unknown soil parameter in new soil samples.

Several studies have reported good calibration models for analysis of soil organic carbon using
VNIR DRS (Knox et al., 2015; McDowell et al., 2012; Ge et al., 2011; Sarkhot et al., 2011;
Reeves, 2010; Vasques et al., 2009, 2010; Chang et al., 2001; Brown et al., 2006 and McCarty et
al., 2002). Most of these studies have been done on samples having similar soil composition and
spectral characteristics. However, soils are extremely variable and the relationship between
spectra and soil attributes can be complex and variable in space. It is therefore not certain if the
good predictions of organic carbon reported in past studies will also be achieved in studies done
on soils obtained from a wider geological area, or if the VNIR DRS approach to analysis of
carbon may only be suited for local spectroscopic models built from soils within a given
geographical entity or soil type.

It has been suggested that mid infrared spectroscopy (MIR) has a better predictive accuracy for
soil organic carbon than near infrared (NIR) derived models (Pirie et al., 2005; McCarty et al.,
2002; Reeves, 2010; Viscarra Rossel etal., 2006c). From a review of both NIR and MIR
spectroscopic techniques for soil carbon studies, Bellon-Maurel and McBratney (2011)
highlighted that MIR predictive models for soil carbon have prediction errors generally 10 — 40%

lower than NIR.
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Few studies have compared the predictive accuracies of VNIR and MIR derived regression
models across a range of soil types, an important research gap addressed in this study. McDowell
et al. (2012), compared partial least square (PLSR) regression models generated from VNIR and
from MIR spectra and concluded that both models had comparable prediction qualities (R 0.95,
0.94 ; RMSE: 2.80%, 3.08%; RPD: 4.25, 3.91 for VNIR and MIR respectively) although VNIR
PLSR models gave slightly better predictions. However, Knox et al., (2015) evaluated the
potential of VNIR, MIR and a combined VNIR-MIR spectral region to estimate and predict soil
C, and reported that the MIR spectral region produced slightly better results than the VNIR
spectral region (R%: 0.84, 0.92 ; RMSE: 0.41, 0.30 log g .kg™; RPD: 2.4, 3.4 for VNIR and MIR
respectively).

The MIR spectra is characterised by well-defined features, compared to the broad overlapping
features in the VNIR spectra, and may be well suited for prediction purposes due to its higher
specificity. It has, however, been suggested that the visible near infrared interacts better with soil
organic carbon than the infrared region alone and, therefore, gives a better prediction when used
in calibrating models for carbon (ViscarraRossel et al., 2006). Lastly, the organic carbon content
of soils influences soil colour, an important factor which may improve predictions for SOC in the
visible region (Udelhoven et al., 2003), thereby supporting the need to compare the predictive

capabilities of MIR to VNIR for the analysis of soil carbon.
Thus, the objectives of this study were as follows:

1. Characterise soil organic carbon using VNIR diffuse reflectance spectra
2. Investigate the effect of soil spatial variability on the viability of VNIR diffuse

reflectance spectra to characterise soil organic carbon
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3. Compare the predictive capabilities of MIR and VNIR diffuse reflectance datasets for

prediction soil organic carbon.

4.2.  Methodology
4.2.1. Soil Collection and Processing

Three groups of soils were used for this study; these were selected to represent different degrees

of spatial variation that may be expected in soil analysis. The groupings were:

1. Wisley farm soils: 80 agricultural topsoil samples collected from the Royal Horticultural
Society experimental plots at Wisley (51°19'24.34"N; 0°28'27.81"W). These were collected
from 80 experimental beds consisting of eight replicate beds which are being amended with

different amounts of fertility amendment in an ongoing fertility assessment.

2. South-west England soils: 53 topsoil samples collected within south-west England at sites with
differing land use and land management activities (Figure 4.1). Multiple samples were

collected in six of the sampling locations to accommodate the different land uses.

3. England soils: 87 topsoil samples collected at different locations spread across England and

Wales

Soils were collected in plastic containers or ziplock bags and refrigerated at 4°C in the laboratory
until processing. They were air-dried and then sieved to 2mm. 10g of homogenised soil samples
were then ball milled using the Tema mill which reduces the sample to a fine powder ( 80% less

than 150 microns) (Thompson, 2009) and stored in ziplock bags.
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Figure 4.1: Location of soil collection area for South west soils with markers indicating

collection sites. This map was created using the Google Earth software, August 4, 2017.
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4.2.2. Soil Chemical Analysis

Total organic carbon content was determined in 10mg of ball milled soil subsamples using a
Flash 2000 organic elemental analyser(Thermo Scientific Flash 2000) with a reproducibility of

0.07% calculated using the equation below (Fearn, 2008):

n 2
i=0 Ei

SE =
2n

Where SE is the standard error of the instrument, E;is the difference between measurements and
the estimated true value of a certified reference material.

Prior to analysis using the Flash 2000 organic elemental analyzer, a simple test for carbonates
was done by checking the pH of soil samples. When soil samples possess pH less than 7.4, it is
concluded that the samples contain none to insignificant quantities of carbonates (Schumacher,
2002). Otherwise, samples are initially dried at 105°C overnight and treated with a combination

of H,SO, and FeSO, to remove carbonates. All soils within this study had pH less than 7.4

Therefore:

% Total carbon = % Total organic carbon

4.2.3. Spectral Measurement
4.2.3.1. Visible, Near-Infrared Diffuse Reflectance Spectroscopy

Diffuse reflectance spectra of soil samples were obtained in a dark room with a GER3700 VNIR

spectrophotometer (350 - 2500nm) coupled with a quartz-halogen balanced daylight source. The
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spectrophotometer has one Si array (350 - 1050 nm) and two Peltier-cooled InGaAs detectors
(1050 - 1900 nm and 1900 - 2500 nm). Spectral sampling interval of the instrument was 3nm at
350 - 1050 nm, 7nm at 1050 - 1900 nm and 9.5nm at 1900 - 2500 nm. The light source projected

at 45° to the detector.

A Spectralon white reference panel was scanned before each measurement to convert radiance
measurements of the soils to calibrated reflectance. Scans were taken at nadir, with illumination
at 45°, from the soil samples tightly packed in borosilicate petri dishes (figure 4.2). Replicate
measurements were collected in four illumination directions by rotating the petri dish at an angle
of 90°, to increase precision of measurements. Each scan was an average of 16 internal scans.

The 64 replicate scans were then averaged to produce a single spectrum for each sample.

4.23.2. Mid infrared diffuse reflectance spectroscopy

Mid infrared spectra of soils were collected from South west soils that had been reduced to fine
powders (about 80% less than 150 microns) by a Tema mill using a Nicolet iS10 FT-IR
spectrometer (Thermo Fisher Scientific Inc., Madison, WI, USA). Spectral acquisition was
performed by diamond attenuated total reflectance (MIR-ATR) spectroscopy over the spectral
range 2500 —16660 nm (4000—650 cm™ wavenumbers) with spectral resolution of 4 cm™ and 16

scans per replicate.
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Figure 4.2: Schematic diagram of scanning arrangement
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4.2.4. Data Analysis and Model Development

All spectral pre-treatment and multivariate calibration/validations were carried out using the

Unscrambler-X 10.3 analytical software developed by CAMO.

PCA analysis was done on data sets to observe groupings within soil samples and to identify the
presence of outliers. Possible outliers were identified as samples with very high leverages and
residuals. A spectral range for the data set was calculated (mean £ 2 SD) and each individual
spectrum compared to it. If more than 75% of the spectrum fell outside of this range, the sample

is considered a possible outlier and excluded from further modelling.

Prior to modelling, a small section (1905nm — 1928nm) of each spectrum was removed, due to
an offset in reflectances between the detectors. The spectra is then averaged (i.e. every 5
wavelength points) to give 120 predictor variables for model calibration. Due to the scattering
effects and pathlength variations inherent in diffuse spectra, four common spectral pre-
processing techniques were applied to spectra and compared to spectra that had only been
averaged. Techniques tested include Log;o(1/R) transformation, standard normal variate coupled
with the detrending (SNV-DT) which reduces scattering effects and linearizes the spectra,
Savitzky-Golay smoothing of the spectra (SG), and a combination of Savitzy-Golay and
derivatization which smoothes data, enhances resolution, boosts weak signals and eliminates

linear baseline drift between spectra.
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4.2.5. Model Calibration/ VValidation

A total of four partial least square regression (PLSR) models were developed for the relationship
between soil spectra and the measured soil organic carbon concentrations using each of the data
sets along with a fourth combination of all soil spectra. 76% of each of the data sets were
selected for model calibration while the remaining 24% were used for model validation. This
approach to model validation is recommended as a robust procedure by Varmuza and Filzmoser
(2009). Calibration and validation samples were carefully selected to be similar to each other,
both in terms of the range organic carbon content and the land management practice at sites of

soil collection.

Predictive accuracy and stability of PLSR models were evaluated using the coefficient of
determination R? relative percent difference (RPD) values, root means square error (RMSE)
values, number of latent factors for the optimum model and the percentage prediction error (%

PE).

R% This is the square of Pearson Product Moment correlation coefficient. It measures the

relationship between the modelled and the measured data RMSE: This is a measure of the

Y (TPHp—TPHm)?

n

where

average deviation between modelled and measured data. RMSE = \/

TPHp are the modelled values, TPHm are the laboratory measured values and n is the number

of validation samples.

% prediction error: Due to the dependence of RMSE on individual data sets, this statistics
measures the prediction error as a percentage of the highest data point within the validation

data set. It allows for the comparison of the error term between data sets.
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RMSE
% PE = <
v

x 100
Where Xh,is the largest measured data point within the validation set.

RPD: This is a measure of predictive accuracy.

RPD = 5D /pycp

where SD is the standard deviation of the predicted values. According to Viscarra Rossel et al.
(2006) and Chang et al. (2001), very poor models show RPD < 1.0; poor models: 1.0 < RPD <
1.4; fair models: 1.4 <RPD < 1.8; good models: 1.8 < RPD < 2.0 and very good models: 2.0 <

RPD < 2.5; and excellent models have RPD > 2.5.

4.3. Results and Discussion
4.3.1. Laboratory analysis

Table 4.1 shows the distribution of samples selected for model calibration and validation.
Original soil carbon data was logio— transformed to normalize its distribution (Figure 4.3).
Consequently, all PLS models were developed based on Logio — transformed soil carbon data

that approximated a Gaussian distribution after stabilizing the variance.
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Table 4.1: Descriptive statistics of soil organic carbon (%) in the data sets used for partial least squares regression (PLSR)

Wisley South west England Across England

Range Mean £ SD Skewness Range Mean £ SD Skewness Range Mean £ SD Skewness
Total 2.38-18.80 7.88+4.14 0.77 1.87-30.90 7.08+5.18 1.72 1.19-11.37 433174 1.67
Calibration 2.38-18.80 8.13+4.25 0.76 1.87-30.90 6.99 £5.15 1.81 1.19-11.37 3.28+1.90 1.63

Validation 2.86-15.52 7.13+3.77 0.70 2.50-24.02 7.37+5.45 1.54 2.38-6.24 4.13+1.09 1.10

Where SD means standard deviation
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Figure 4.3: Cumulative fraction plot of (a) Original soil organic carbondata (b) Logio-transformed soil organic carbon data. A reduction in
the Kolmogorov-Smirnov statistic for logio-transformed data shows that the Log;o- transformation improved the original organic carbon
data.
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4.3.2. Qualitative Description of Spectra

Figure 4.4 illustrates the shape and variations observed within the VNIR spectra of soils. To
compare soil spectra from a common baseline and allow for identification of absorption features
that can be linked to soil organic carbon content, the continuum removed technique was applied
to the spectra. The continuum removal technique involves fitting a maxima curve over a
spectrum to form a continuum or Hull. A mathematical function is then fitted to the spectrum to
represent absorptions due to processes other than those of interest. These effects can then be
removed by dividing or subtracting the measured spectra from the continuum function (Green
and Craig, 1985)

VNIR spectra of all soil samples follow a similar shape with absorption minima at ~1400-1450
nm and ~1910-1930 nm characteristic of -OH and H,O (Fortes and Dematte, 2006 ). The steep
slope observed at ~400 - 900 nm has been associated with iron and iron oxide minerals such as
goethite and hematite (\Vaughan, 1996) but can also contain overtones of C-H, N-H absorptions
of alkyls, aromatics and amines (Viscarra Rossel and Behrens, 2000). Slight absorptions around
1626 — 1750 can be linked to C-H bonds (Stuart, 2004) while absorption features between
~2100 and 2500 nm may be attributed to C-O absorptions of polysaccharides, C-H,, C-Hz NH3
absorptions of alkyls and aromatics and Si-OH and —OH absorptions in minerals (Clark et al.,
1990).

Assigning specific functional groups to absorption features within the VNIR spectrum may be
difficult due to the numerous organic and inorganic molecules that absorb within this region.
However, the continuum removed spectral reflectances in figure 3; show a broad but clear
absorption feature at ~ 510 — 950 nm that can be linked to increasing soil carbon content. In

general, soils with higher carbon content were observed to be darker in tone and had lower
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reflectances across all wavelengths of measurement and this may be responsible for the clear
separation of soil samples within the visible region. Other soil properties that may influence
overall reflectance of soils include moisture content, particle size, type of organic matter in soil
(Stoner and Baumgardner,1981) and cation exchange capacity (Brady, 1986).

Other absorption features that may be associated with soil carbon identified within the spectra
include ~1070 — 1250 nm, 1600 — 1800 nm, ~2000 — 2200 nm and ~2230 — 2400 nm. These
absorption features have been assigned as combination bands, first and second overtones of C—H
stretch fundamentals of amines, carboxylic acids, amides, aliphatics, phenolics and
polysaccharides within the mid infrared region (Viscarra Rossel& Behrens, 2010). They have
also been proposed as being particularly significant for calibrating regression models for soil

organic carbon and total nitrogen (Malley et al., 2000; Martin et al., 2002; Stenberg, 2010).
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Figure 4.4: (a) Mean reflectance (solid lines, left scale) and continuum removed (dotted lines, right scale) visible, near-
infrared diffuse reflectance spectra of three soil samples with different soil organic carbon content. (b) and (c) indicate
wavelength regions that may be important to organic carbon modelling
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4.3.3. Performance of Partial Least Square - VNIR DR models

The best model for the Wisley soils was achieved using the standard normal variate — detrending
transformed spectra, while Log (1/R) transformation improved the Southwest data best. The
wider England data were best modelled with a first derivative coupled with Savitzy-Golay
smoothing, though the model was unsatisfactory for carbon prediction (calibration R%< 0.25)
while a combination of all three data sets was best left unprocessed. This is suggestive that there
may not be a “best” spectral data pre-processing technique and soil spectra should be carefully
studied to identify which technique best suits the spectra/soil property under investigation to
avoid unintentional downgrading/ screening out of minute absorption features that could be
important to the modelling of the soil feature under investigation.

Model quality statistics for the best models from the four data sets are presented in Table 4.3.
The PLSR model of Wisley soils performed excellently with a validation R%f 0.94 and a RPD
value of 3.9. The optimum model had a percentage error of prediction of 5.5%. The PLSR model
of South west soils also had a good predictive performance with a validation R%f 0.90 and a
RPD value of 3.1 and a percentage error of prediction of 5.4%. However, PLSR models
developed from the England soils had a very poor calibration and prediction performance (R*<
0.25, RPD = 0.7) and are therefore not acceptable for organic carbon prediction. A combination
of all three data sets had model quality statistics with a validation R%f 0.52, RPD value of 1.4
and a percentage error of prediction of 12.2%.

When all calibration models were compared, R* values were observed to decrease and both
RMSE and RPD values increased with increase in the geographical size of the soil sampling
locations (Figure 4.5). Figure 4.6 illustrates the predicted vs measured values for the validation

set for PLSR models for the groups. Variation in soil matrix increases with sampling area and the
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low performance of PLSR models derived from the England soil spectra can be attributed to the
higher geological variability expected in soils collected from such a larger area. This is also
observed by Udelhoven et al. (2003) who compared predictions of SOM in two regions of
Germany and observed that those based on a data set from the Eifel region (with a higher
geological variability) performed less than those based on data from the Hunsruck region. It may
therefore, be an important strategy to develop local or regional prediction models for soil organic
carbon from geographical areas with a homogeneous geological characteristics rather than

developing universal or large scale models.
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Table 4.3: Performance of PLSR — VNIR DR models

Data set Pre-processing  Optimum factor Calibration validation
R RMSE R®  RMSE RPD % PE
(Logip %SOC) (Logip %SOC)
Wisley SNV-DT 1 0.63 0.19 0.94 0.07 3.9 5.5
South west England Log (1/R) 5 0.74 0.12 0.90 0.07 3.1 5.4
Across England SG-1"D 3 017 0.27 - - - -
All soils Raw 6 0.42 0.21 0.52 0.17 1.4 12.2

Raw= averaged raw spectra; Log;o(1/R) = Absorbance, where R is the reflectance value; SG = Savitzky—Golay filter with 5 window smoothing ; SG-1% D = first
derivative of 5SwindowsmoothingSavitzky—Golay filter ; SNV-DT = standard normal variate coupled with detrend correction.
*: Poor calibration performance (R?<0.25)
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4.3.4. Important Wavelength in VNIR-PLSR Models

Figure 4.7 shows the line plots of regression coefficients versus wavelengths derived from PLSR
analysis for the four data sets. The regression coefficients are approximations of model
parameters resulting from linear combinations of the predictors, and the absolute values of the
coefficients indicate the relative importance of the wavelength on the basis of explained
wavelength-variance within the model. Wavelength variables with large coefficients play an
important role in the model, with a positive coefficient showing a positive relationship to the
response and a negative coefficient shows a negative relationship (CAMO, 2012). It is important
to note that the numbers of important wavelengths within the models is observed to decrease
with increase in the geographical area from which soils were collected. This implies that co-
variation of soil carbon with other soil properties having direct spectral responses in the VNIR is
stronger in soils with similar geological composition, but reduces in data sets obtained from soils
from a wider geological area or wider range of land use types.

Important wavelengths within all three acceptable models include ~440 — 500 nm and ~630 -770
nm, implying that the brightness of soils could be important factor in the visible near infrared
region for prediction of organic C content. Other important wavelength regions include ~950 —
1000nm, ~1800 — 1900nm, ~2000 - 2200nm and ~2300 — 2490nm. Typical O-H peaks at ~1400
and 1900nm were observed not to be significant. This is in line with the observations of
Charkraborty et al. (2010) and Waiser et al. (2007), where water within soil samples did not

affect the prediction accuracies of the validation models.
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Figure 4.7: Regression coefficients of the best VNIR-PLSR model of (a) Wisley farm soils (b)
southwest England soils (c) a combination of all three groups. The magnitude of the regression
coefficient at each wavelength is proportional to the importance of the wavelength variable in the
model.
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4.3.5. Comparison between Mid Infrared (MIR) and Visible Near- Infrared (VNIR) Diffuse
Reflectance Spectroscopy

MIR spectra of soil samples covered a spectral range of 2500 —16660 nm (4000 — 600 cm™
wavenumbers) and contained better defined features than the VNIR spectra (Figure 4.8). A
prominent feature present in all the spectra is the steep absorption at ~7812 — 9852nm which may
be associated with clay minerals such as smectite, illite, and kaolinite, and minimal amounts of
silica (Byrappa and Suresh Kumar, 2007). Absorptions around 5680 - 6200 nm can be due to C-
H and C-O bonds of organic compounds such as amides, carboxyl, and/or silicate minerals such
as quartz and kaolinite as they all have overlapping features in this region (Nguyen et al., 1991;
Stuart, 2004). Other features identified include absorptions at ~3500 — 3850nm and at ~ 3070
3360nm that are likely associated with C-H bonds in alkyl groups (Gaffey et al., 1993; Stuart,
2004). The MIR spectra compared with the VNIR spectra of soils used in this study can be seen
to be less affected by shifting baselines and clearly separable at 2760 — 3730 nm and at 5540 —
8470 nm.

Both the VNIR and MIR partial least square regression models performed excellently, with
validation R? values of 0.90 and0.90; RMSE values of 0.07 and 0.08Logi, %SOC and RPD
values of 3.12 and 3.09 for VNIR and MIR respectively (table 4.4). This result showed that the
VNIR and MIR PLSR models are similar, even though validation parameters were slightly are
slightly better for the VNIR model. Figure 4.9 compares the measured and predicted values plots

for the validation set for both models.
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Table 4.4: Calibration and validation results of PLSR models to predict total soil carbon from

VNIR and MIR diffuse reflectance spectra.

Optimum factors Calibration Validation
R RMSE R RMSE RPD
Logio %SOC Logio %SOC
VNIR 5 0.74 0.12 0.90 0.07 3.12
MIR 2 0.89 0.08 0.90 0.08 3.09

130



The PLSR model built from VNIR diffuse reflectance spectra for this study compares favourably
with results of models developed for carbon by previous researchers. Studies by Mcdowell et al.
(2012); McCarty et al.(2010); Mouazen et al. (2010); Vasques et al. (2009), Vasques et al.(2010)
and ViscarraRossel and Behrens (2010) have reported similar R? values. Lower values were also
reported by Knox et al. (2015) (0.86/ 2.60), Sarkhot et al. (2011) (0.85 /2.59) and Vasques et al.
(2008): (0.79 / 2.14) for R? and RPD respectively. A higher R? value (0.97) was produced in the
by Reeves et al.(2002).

RMSE values of these studies have, however, varied considerably with some lower and others
higher than the values obtained within this study. The range and composition of organic carbon
in soils used for the various studies have also varied widely e.g. <1 - ~56% in Mcdowell et al.
(2015), ~2 — 980% in McCarty et al. (2002), ~5 — 496% in Sarkhot et al. (2011), ~0 — 57.4% in
Vasques et al. (2008) and ~2 — 31% within this study. RMSE values are unique to each
calibration/validation and most likely will reflect the range of values used in the modelling,
contributing to the differences in RMSE values across studies.

Validation R% RPD values for MIR PLSR model within this study compares with those from
Mcdowell et al. (2012) (R? = 0.94; RPD = 3.91), Knox et al. (2015) (R* = 0.95 ; RPD = 4.6) ,
Reeves et al. (2001) (R? = 0.93), McCarty et al. (2002) (R? = 0.95), Reeves et al. (2002) (R? = =
0.98) and McCarty et al. (2010) (R? = 0.94).

The relative importance of the variables (wavelengths) within the MIR-PLSR prediction model is
illustrated using the weighted regression coefficient chart in Figure 4.10. Important wavelengths
within the VNIR PLSR model include 2500 — 2760 nm, ~3430 nm, 5780 — 8070 nm and ~10000

— 11430 nm.
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Some studies have reported a better model for C prediction using the MIR wavelength range
(Knox et al., 2015; McCarty et al., 2002; Reeves, 2010; Reeves et al., 2002; Viscarr aRossel et
al., 2006). This study, however, demonstrates that the VNIR wavelength range can perform just
as well or better than the MIR wavelength region. This is similar to the observation of Mcdowell
et al. (2012).

The decision on which spectral range to use for model calibration/prediction depends on: (i) the
accuracy of the predictions, (ii) the cost of the technology and (iii) the amount of sample
preparation required and (iv) the degree of accuracies required from such analysis. Presently,
MIR spectrometers are considerably more expensive and the technology requires more sample
preparation compared to portable VNIR fibre optic spectrometers that are developed for field
use, which require little to no sample preparation. Therefore, the potential increase in accuracies
of MIR models reported by some studies must also be weighed against the greater utility of
VNIR spectroscopy, which may be better suited for assessing spatial variability of SOC
(Mcdowell et al., 2012), or on-the-go proximal soil sensing systems (Viscarra Rossel and
McBratney, 1998b; Shibusawa et al., 2001) where the slight gain in prediction accuracy from
using an MIR instead of an VNIR spectrometer may not be significant taking into account the
higher cost of MIR technology.

The VNIR spectra used in this study were collected from 2 mm sieved soils. However, studies
have shown that VNIR spectra of field intact soils are able to generate robust models, implying
that measurements can be taken insitu with lesser effects of interferences from soil properties
such as moisture and particle size distribution on the modelling. MIR spectra are, however,
obtained from ball milled homogeneous soils, increasing the time and cost of sample collection

and/or preparation.
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4.4. Conclusion

This study shows that good prediction models for soil organic carbon can be generated from
VNIR spectra of soils and the approach can be a viable rapid tool for characterising soil organic
carbon contents. However, the quality of models reduced with an increase in the geographical
size of the study area from which samples were collected, indicating that the best calibration
models will be generated from spectral data derived from local soils with similar geology, and
accurate predictions for soil organic carbon using large scale universal libraries may be hard to
achieve. Hence, to improve this approach, more efforts should be directed towards the
development of local spectral libraries that adequately capture soil spatial variation. This will be
of particular utility to individual farmers aiming to improve their soil carbon. A comparison of
the use of VNIR and MIR diffuse reflectance spectroscopy in analyzing organic carbon in soils
shows comparable performances. The PLSR models developed for organic carbon using both
VNIR and MIR spectra had excellent predictive accuracies, with R? values of 0.90%, RMSE
values < 0.07 Logzo %C and RPD values > 3.09. The quality of models generated from both sets
of spectra was comparable, although VNIR PLSR models slightly outperformed MIR PLSR
models. This study demonstrates that using visible near infrared diffuse reflectance spectroscopy
for prediction of organic carbon in soils is as efficient as using the mid infrared and can

potentially be a more convenient alternative to MIR for soil organic carbon predictions.
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Chapter 5. Characterisation of Petroleum Hydrocarbon Contamination Using

Visible Near Infrared Diffuse Reflectance Spectroscopy

5.1 Introduction

Petroleum hydrocarbon contamination of soils is almost an inevitable occurrence during
exploration and transport of crude oil and its products. These hydrocarbon compounds have
attendant adverse environmental and human health consequences as they are potential soil
contaminants and neurotoxins for humans and animals (Petersen and Talcott, 2013). There is,
therefore, a need for a rapid but robust characterization of the type and extent of hydrocarbon

contamination.

Characterisation of petroleum hydrocarbon is conventionally done using highly sensitive and
specific wet chemistry analytical procedures that involve extraction and consequent gravimetric
or chromatographic techniques (Brassington et al., 2010). These procedures, however, have
drawbacks such as being laborious, high costs (as high as $100per sample), long waiting periods
for results, requirement of a skilled analyst to perform measurements and their inadequacy when
high spatial and temporal resolutions of petroleum hydrocarbon contents are required
(Chakraborty et al., 2012; 2015; Schwartz et al., 2012).There is no doubt that management and
clean-up of petroleum hydrocarbon contaminated soils will benefit from a rapid and less stressful

technique such as visible near infrared diffuse reflectance spectroscopy (VNIR DRS).

Within chapter 2 of this thesis, a principal component analysis of soil spectra from diesel
contaminated soils from a single location were observed to be clearly distributed within the
spectral space based on the extent of petroleum hydrocarbon contamination. The areas and
depths of two identified absorption features (~1640 — 1760nm and ~2240 — 2340nm) were
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observed to have high positive linear correlations with the measured extractable petroleum
hydrocarbon content of soils, demonstrating that visible near infrared diffuse reflectance spectra,
coupled with regression analysis, can be a reliable qualitative and quantitative tool for
identifying petroleum hydrocarbon contamination. However, the utility of this approach to
quantitatively characterise petroleum hydrocarbon contamination using visible near infrared
spectral measurements in a broader range of soils from different locations and containing
different oil contamination types (diesel, motor oil, crude oil sludge) also needs to be

investigated.

The diffuse reflectance spectra of soils, the measurement on which this approach is based, is the
totality of spectral responses from all spectrally active constituents present in soil. It is, therefore,
influenced by a variety of soil components such as organic carbon and other spectrally active
chemical components. The organic carbon content of soils is the most influential component
affecting spectral characterisation of hydrocarbon contamination. These two components contain
similar functional groups such as carbon-hydrogen bonds (C-H, C-H,, C-Hj3), hydroxyl groups
(O-H), double and triple bonds of aliphatics and aromatics, carboxyl groups (C=0), ester groups
(C-0-C), amino groups (N-H) that absorb at similar regions of the electromagnetic spectrum
(Aske et al.,2001; Ben-Dor et al., 1999). The presence of either high or low organic carbon in
soils has no significant effect on gas chromatographic analysis of petroleum hydrocarbons in
soils, as most conventional GC-FID procedures incorporate a silica — gel clean-up process that
minimises the presence of non-polar organic hydrocarbons in the final extract. However, spectral
measurements of petroleum hydrocarbon contaminated soils can be affected by interferences

with naturally occurring soil organic compounds leading to strong increases in absorbance at
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certain bands (Paiga et al., 2012) and/or masking of absorption features associated with

petroleum hydrocarbons.

Different petroleum products vary in characteristics and composition though they all contain
mostly carbon, hydrogen, nitrogen, oxygen, sulphur and various types of metal. Soils also
become darker, with the degree of darkness varying when contaminations from diesel and other
dense petroleum hydrocarbon fractions, such as crude oil, oil sludges and motor oils, occur. The
effect this has on the viability of the spectral approach to characterising petroleum hydrocarbon

in soils is yet to be sufficiently studied.

Some efforts have been made within literature to investigate the potentials of using the
reflectance spectra from contaminated soils to quantitatively predict petroleum hydrocarbon
contamination with more emphasis on the use of infrared spectra (Forrester et al., 2010; 2012;
Malley et al., 2010; Chakraborty et al. 2010; 2012; Paiga et al., 2012; Schwartz el al., 2012;
Okparanma and Mouazen, 2013; 2014; Okparanma et al., 2014; Ng et al., 2017. However, there
is less information on the use of the visible near infrared diffuse reflectance approach as well as
theeffects soil constituents, such as organic carbon and petroleum hydrocarbon contamination
type, have on the potentials of using VISNIR DRS as a rapid quantitative tool for petroleum

hydrocarbons in contaminated soils.

The overall aim of this study is to investigate the potential of quantitatively predicting petroleum
hydrocarbons in contaminated soils across a range of soil organic carbon content, using visible

near infrared diffuse reflectance spectrometry. Specific objectives of this study include:

1. Assess the viability of quantitatively characterising petroleum hydrocarbon

contamination in soils using visible near infrared diffuse spectroscopy (VNIR DRS).
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2. Investigate the effect of soil natural organic carbon on the performance of VNIR DRS
models developed for characterizing soil extractible total petroleum hydrocarbons
(ETPH)

3. Assess the effect different types of fuels (diesel, motor oil, crude oil sludge) will have on

the performance of VNIR DRS models developed for characterizing soil ETPH

5.2. Methodology

5.2.1 Soil Collection and Processing

To investigate the prediction accuracy of VNIR DRS in quantifying the amounts of extractible
petroleum hydrocarbons (ETPH) in contaminated soils, two groups of soils were used. Group A
(Wisley soils) consisted of 51 topsoil samples collected from the Royal Horticultural Society
experimental plots at Wisley, Surrey, United Kingdom (51°19'24.34"N; 0°2827.81"W). Group B
(England soils) includes 56 topsoil samples collected at different sites across England and Wales
to represent different possible variations in soil composition. Soil samples were air dried and
then sieved to 2mm. They were then contaminated in the laboratory with different amounts of

diesel fuel.

To assess the effect of organic carbon content on the performance of VNIR DRS models
developed for characterising ETPH in contaminated soils, a total of 151 topsoil samples collected
from the Royal Horticultural Society experimental plots at Wisley, Surrey were divided into
three (Cy, C,, C3) and each category amended with varying levels of organic compost to give
three levels of organic carbon content. Soil collection from one single location ensures that the

three categories of soils are underlain by similar geological composition and are, therefore,
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expected to differ with respect to organic carbon contents only. This ensures that variations
between the compositions of other spectrally active components within soils are limited. Figure 1

illustrates the analytical overview of the experiment.

To assess the effect the type of petroleum hydrocarbon contamination has on the performance of
VNIR DRS models developed for characterising ETPH in contaminated soils, 150 soils samples
also collected from the Royal Horticultural Society experimental plots at Wisley, Surrey, with
organic carbon content ranging between 12% — 15%. The soils were split in three categories (X,
Y, Z), one contaminated with increasing quantities of diesel fuel, another contaminated with
increasing quantities of motor oil and another was contaminated with increasing quantities of

crude oil sludge (Figure 5.1).

Contamination in soils was thoroughly mixed by agitation with a spatula for 1 minute. Samples

were then allowed to equilibrate for 3 days prior to spectral and laboratory analysis.
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2mm sieved air-dried soils contaminated with
diesel

2mm sieved air-dried soils contaminated with
diesel

2mm sieved air-dried soils contaminated with
diesel

1.
2.

Flash analyzer for organic carbon
ETPH * Solvent extraction
* Silica gel Clean up
*GC/FID analysis and quantification
ETPH values were Log;, transformed

2mm sieved soils spread evenly on Petri dishes.
Scanning range: 350 — 2500nm

Figure 5.1: Experimental set - up to assess effect of soil organic carbon content on performance of VNIR models
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Figure 5.1: Experimental set-up to assess the effect the type of petroleum contamination on the performance of VNIR DRS models
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5.2.2. Laboratory Analysis

In the laboratory, the extractible total petroleum hydrocarbon (ETPH) content of soils were
determined by a solvent extraction, silica gel solid-phase clean-up/fractionation process
coupled with gas chromatographic (GC/FID) quantification of target aliphatic and

polynuclear aromatic hydrocarbon analytes in the extract (MADEPH, 2009).

Soils were extracted using a mixture of acetone and hexane (1:1). Extracts were cleaned and
fractionated into aliphatic and aromatic fractions using 1g activated silica gel and 0.5g
anhydrous sodium sulphate packed tight within SPE Cartridges. The fractions were
concentrated to 1ml under a gentle flow of nitrogen. 14 aliphatic hydrocarbon (Cy-Cg3s) and
16 aromatic hydrocarbon (C;1-C») components were quantified in extracts using gas

chromatography coupled with a flame ionization detector.

5.2.3. Spectral Analysis

Diffuse reflectance spectra of soil samples were obtained in a dark room with a GER3700
VNIR spectrophotometer (350 - 2500nm) coupled with a 1 kW quartz-halogen light source.
The spectrophotometer has one Si array (350 - 1050 nm) and two Peltier-cooled InGaAs
detectors (1050 - 1900 nm and 1900 - 2500 nm). The spectral sampling interval of the
instrument was 3nm at 350 - 1050 nm, 7nm at 1050 - 1900 nm and 9.5nm at 1900 - 2500 nm.

The angle of illumination was 45%nd the spectrometer was viewing at nadir.

A white reference panel of Spectralon was scanned before each measurement to convert
radiance values to percent reflectance. Scans were taken from the soil samples, tightly packed
and levelled in borosilicate petri - dishes. Replicate measurements were collected at four

positions by rotating the petri dish at an angle of 90° to account for variations in surface
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scattering. Each scan was an average of 16 internal scans. The 64 replicate scans were then

averaged to produce a single spectrum for each sample.

5.2.4. Spectra Pre-processing

All spectral pre-treatment and multivariate calibration/validations were carried out using the

Unscrambler-X 10.3 analytical software developed by CAMO.

Prior to modelling, a small portion (1905nm — 1928nm) within the spectra was removed due
to an offset in reflectances between the two SWIR detectors. The spectra is then averaged
(i.e. every 5 wavelength points) to give 120 predictor variables for model calibration. Due to
scattering effects and pathlength variations inherent in diffuse spectra, four common spectral
pre-processing techniques were applied to spectra. Techniques tested included Logio (1/R)
transformation, standard normal variate coupled with the detrending (SNV-DT), Savitzky-
Golay smoothing of the spectra (SG), and a combination of Savitzy-Golay and derivatization.
These pre-processed spectra were individually combined with the laboratory measured ETPH

contents and used to create prediction models using partial least squares (PLSR) regression

5.2.5. Partial Least Square: Model Calibration and Validation

PCA analysis was performed on data sets to determine how contaminated soils were
distributed within the spectral space, observe groupings within soil samples and to identify
the presence of outliers. Possible outliers were identified as samples with very high leverages

and residuals.
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Within this study, the original ETPH contents of samples were non-normally distributed. The
ETPH data were then Log;o- transformed to make it more Normal. Therefore, PLS models
were developed based onlogjo-transformed ETPH data that approximated a Gaussian
distribution after stabilizing the variance.

Partial least square regression (PLSR) models were developed to quantify ETPH in soils and
to assess the effects both different levels of soil organic carbon and different types of
petroleum hydrocarbon contamination would have on the VNIR DRS prediction of ETPH.
Using an already established data split pattern, 76% of each of the data set was selected for
model calibration while the remaining 24% were used for model validation. This approach to
model validation is recommended as a robust procedure by Varmuza and Filzmoser (2009).
The validation samples have been carefully selected to be similar to the calibration set in

terms of the range ETPH content and the locations of collection.

Models with as much as seven latent factors were considered and the optimum model was
determined by choosing the number of factors with the least root mean square error of
prediction (RMSEp). Increasing the number of latent factors can further reduce the RMSE.
However, this can result to over fitting the model such that the model equation is data
dependent, leading to poor predictions. Other model quality statistics: coefficient of
determination (R?), relative percent difference (RPD) values and the percentage prediction
error (% PE) were evaluated and used to compare the predictive accuracy and stability of

models.

TPHpred — TPHmeas)?
A F( p )

RMS
% PE =
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Where n is the number of validation samples, SD is the standard deviation of the predicted

validation values and Xh,is the largest measured data point within the validation set.

According to ViscarraRossel et al. (2006) and Chang et al. (2001), very poor models show
RPD < 1.0; poor models: 1.0 < RPD < 1.4; fair models: 1.4 <RPD <1.8; good models : 1.8
<RPD <2.0and very good models : 2.0 < RPD < 2.5; and excellent models have RPD >

2.5.

5.3. Results and Discussion

Figure 5.2 illustrates the shape and variations observed within the VNIR spectra of diesel
contaminated soils. To identify specific absorption features associated with petroleum
hydrocarbons, the continuum removal technique was applied to the spectra to allow for a
comparison of spectra from a common baseline (Green and Craig, 1985). In all spectra
studied, two absorption features at ~1640 — 1760nm and ~2240 — 2440nm, whose areas had
previously been observed to be positively correlated with increasing ETPH concentrations,
were clearly identified.

Spectral absorption minima of hydrocarbon based oil are apparent around 1647, 1712 and
1759nm in the first overtone region of the near infrared region (Okparanma and Mouazen,
2013). Absorptions around 1647nm could indicate a C-H stretch of an aromatic C-H likely
linked to PAH while absorptions around 1712nm and 1759nmcould indicate C-H stretch of

terminal CH3 and CH,, of saturated hydrocarbons (Okparanma and Mouazen, 2013).
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Even though there was a general overall increase in soil reflectances with increasing diesel
contamination, variations in continuum removed reflectances, with negative correlations with
increasing diesel contamination, are also observed at ~400 - 610nm and at ~1895 - 2020nm.
Absorption in the visible range ~400 - 600nm are indicative of the presence of iron-
containing minerals such as goethite and hematite (Vaughan, 1996) and can also be indicative
of carbonyl, carboxyl and hydroxyl bond absorptions of humic acids (Shoji et al., 1994). Soil
reflectances around this spectral range decreases with increasing soil organic matter (SOM)
content, especially if the SOM content is bigger than 2% (Stoner and Baumgardner, 1981;
Henderson et al., 1992). Increasing diesel contamination in soil samples results in a lower
organic matter content per gram of soil sample, hence the negative relationship observed in
soil spectra. Similarly, absorptions at ~1895 — 2020nm are characteristic of soil moisture

whose concentrations in the soil samples diminish with increasing diesel fuel contamination.
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Figure 5.2: Mean reflectance (left scale) and continuum removed (right scale) visible, near-
infrared diffuse reflectance spectra of four diesel contaminated soil samples. Drop lines

indicate two wavelength regions where reflectances have strong correlated with ETPH
concentrations
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5.3.1. Characterisation of ETPH using VNIR DRS

The calibration data sets were carefully chosen to be as similar as possible to the validation
set, both in terms of the ETPH concentrations and variations observed within the spectra
(Table 5.1). Partial least square regression models were developed for both data sets after
spectral pre-processing using the pre-processing techniques that best improves the data. The
prediction accuracies of the models were tested using the validation sets and compared using

validation R?, RPD and %PE as main criteria (table 5.2).
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Table 5.1: Descriptive statistics of ETPH concentrations (ppm) within data sets used for partial least squares regression (PLSR)

Wisley

England

Total Samples

Calibration samples (76%)

Validation samples (24%)

Range

1168 - 8952

1168 - 8952

1382 - 5895

Mean + SD

2718 + 1800

3190 + 1858

2760 + 1400

Range

2530 - 8582

2530 - 8582

2649 - 6206

Mean + SD

4400 * 1360

4370 + 1440

4470 + 1100
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Table 5.2: Performance of ETPH — VNIR partial least square regression models of diesel contaminated soils

Data set Pre-processing  Optimum factor Calibration Validation
method
R RMSE R RMSE RPD % PE
(Logioppm) (Logioppm)
Wisley SNV-DT 2 0.87 0.09 0.97 0.06 4.5 1.5
England SG-1"D 3 0.46 2.86 0.72 2.79 14 9.8

SG-1% D = first derivative of 5windowsmoothing Savitzky — Golay filter; SNV-DT = standard normal variate coupled with detrend correction.
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The model generated from the Wisley soils was superior to that developed using the England
soils with a higher validation R? of 0.97, an RPD value of 4.5 and a %PE of 1.5. The lower
performance of England soils compared to the Wisley soils can be attributed to a wider
geological variation of soils within this group. Diffuse reflectance spectra from all soils are a
combination of responses from all spectrally active components within the soil. Therefore,
certain spectrally active components within some of the England soils, not present in others,
could serve as interferences, reducing the relationships between overall soil spectra and
measured ETPH in the models. Wisley soils were obtained from a less diverse geographical
location and compositions within the soil samples would be expected to be geologically
similar. This implies that the quality of prediction models developed for characterizing ETPH
may reduce with an increase in the variations within soils used for model
calibrations/validation. According to Stenberg et al., (2010), predictions of soil properties
using VNIR DRS may be affected by soil’s spatial variation such that field or farm-scale
calibration could be better than regional calibration models.

It is worth noting that PLSR models developed from the England soils also showed promising
model quality statistics with a validation R? of 0.72, an RPD value of 1.4 and a %PE of 9.8. A
RPD value of 1.4 indicates that there is room for model enhancement (Chang et al., 2001).
Similar model statistics for total petroleum hydrocarbons predictions in soils (validation R
0.64 and RPD: 1.70; validation R*: 0.68 and RPD: 1.76; validation R*: 0.77-0.89 and RPD:
1.86 — 3.12) were reported by Chakraborty et al., (2010), Malley et al., (1999) and
Okparanma and Mouazen (2014) respectively. Forrester et al., (2012) also reported an R? of
0.93 using a partial least squares (PLS) cross-validation approach for infrared spectroscopic
identification of TPH in soils. Figure 5.3 illustrates the predicted vs measured values for the

validation set for PLSR models for both groups.
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The relative importance of wavelength variables within the regression models is shown
within the regression coefficients chart (Figure 5.4).The magnitude of the regression
coefficient at each wavelength is proportional to the importance of the wavelength variable in
the model. Important wavelengths are observed around ~1150 — 1550nm, ~1650 — 1750nm,
~1800 — 2100nm and ~2200 — 2449nm. Absorptions around ~1650 — 1750nm and ~2200 —
2449nm have been associated with C-H stretch and bend of crude oil signatures (Mullins et
al., 1992) and have been identified within continuum removed visible to near infrared diffuse

reflectance spectra of contaminated soil samples.
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5.3.2. Assessing Effect of Soil Organic Carbon on the Performance of VNIR DRS Models

Developed for Characterizing Soil ETPH

The scores plot from a principal component analysis of spectra from the three categories of
soils clearly differentiated between soils based on both the organic carbon content (C1: 0.94 —
3.7 %SOC; C,: 12.4 — 15.6 %SOC; Cj: 20 — 26.5 %SOC) as well as the levels of petroleum
hydrocarbon contamination (Figure 5.5). This indicates that soil spectra are able to capture
inherent information within soils and the VNIR DRS method could be a very important
qualitative technique for distinguishing soils with respect to organic carbon content and levels

of petroleum hydrocarbon contamination.

The first principal component (PC1) accounts for a very large proportion (92%) of the
variance whereas principal component 2 (PC2) accounts for only about 6% of the variance
within soil spectra. PC1 most likely describes the hydrocarbon contamination of soils while
PC2 describes the organic carbon content of soils as can be observed with positioning of soils
with lower SOC content (category C;) from soils with higher SOC (C, and C3)in a separate

region of PC2.

Soil categories C; and C; are clustered within the scores plot whereas Cs is spread along PC1.
All these soils had been collected from the Royal Horticultural Society experimental plots at
Wisley, Surrey. The first group of soils (C;) were collected from plots with no amendments
added to them. Cysoils were collected from plots which had been amended with organic
amendments such as peat, horse manure, composted bracken and mushroom compost added
over a period of six years. C3 soils were soils amended with organic compost purchased from
a local store made from 100% coco coir. The wider spread of C3 soils compared to C; and C,

on the scores plot may be attributed to the difference in organic matter composition.
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Table 5.3 summarizes the statistics for PLSR models from the three soil categories and all
categories combined. PLSR models developed from all four data sets gave very good
prediction performances with RPD values greater than 2. According to Chang et al. (2001),
the quality of spectroscopic models should be based on their RPD values, with stable and
accurate predictive models having RPD values greater than 1.8. When all four models were
compared, coefficient of determination (validation R?) seems to reduce while the percentage
prediction error (%PE) increased with larger range of soil organic carbon within the groups.

Absorptions due to soil organic carbon are as a result of stretching and bending of C-H, N-H,
S-H and O-H bonds of functional groups. These bonds are also responsible for the spectral
absorptions associated with petroleum hydrocarbons (Okparanma and Mouazen, 2013).
Therefore, a higher organic carbon content could potentially increase the overall spectral
absorption by a soil sample. This, in itself, may not have a considerable effect on the
robustness of models calibrated for ETPH when all soils used with the calibration have
similar organic carbon contents. It could, however, reduce model quality when soils with a
wider range of organic carbon content are used for model calibrations (Figure 5.6). Despite
this, the model developed from a combination of all three data sets can still be classified as
‘good’ based on the classification of Chang et al., (2001). A similar observation was made by
Paiga et al. (2012) in an assessment of the effect of soil organic matter on total petroleum
quantification using infrared spectra. Paiga et al., 2012, concluded that, though a significant
matrix effect was observed using infrared methods, experiments with soil with high organic
matter content also provided satisfactory average recovery (around 94 %) comparable with

those obtained by gas chromatography.
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Table 5.3: Effect of organic carbon content on performance of ETPH — VNIR partial least square regression models of diesel contaminated soils

Data set Range of OC Pre-processing  Optimum Calibration validation
(%) factor
R RMSEc R RMSEv RPD % PE
(Logioppm) (Logioppm)
C; (51) 0.94-3.7 SNV-DT 2 0.87 0.09 0.97 0.06 4.5 1.5
C, (50) 12.37-15.6 SNV-DT 1 0.94 0.11 0.97 0.08 5.5 2.1
Cs (50) 20-26.5 Log 1/R 2 0.89 0.12 0.91 0.11 33 27
All three categories 0.94-26.5 SNV-DT 3 0.85 0.16 0.90 0.16 2.7 4.0

Where OC = Organic carbon content; Log;o(1/R) = Absorbance, where R is the reflectance value; Savitzky—Golay filter ; SNV-DT = standard normal variate coupled with

detrend correction.
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Figure 5.6: Effect of organic carbon content on validation R? and percentage prediction error

(%PE) of ETPH — VNIR partial least square regression models of diesel contaminated soils
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5.3.3. Assessing the Effect of the Type of Petroleum Hydrocarbon Contamination on the

Performance of VNIR DRS Models Developed for Characterizing Soil ETPH

Figure 5.7 illustrates the scores plot of a principal component analysis of soil spectra derived
from three categories of soils, X, Y and Z (from same location) contaminated with diesel,
motor oil and crude oil sludge respectively. Soil organic carbon content within the three
groups range within 12.4% - 15.6%. PCA analysis show soils separated mostly on the basis
of the extent of petroleum hydrocarbon contamination and less on the basis of type of
petroleum hydrocarbon contamination as opposed to the clear separation on soils within the

spectral space impacted by organic carbon content.

Visual discrimination between spectra of different oils, such as diesel and motor oils, is
difficult as they produce very similar absorption features (Rusak et al., 2003) except by
careful comparison of absorption features from oils as they mature over similar time, which
can provide distinguishing characteristics (Allen and Krekeler, 2010) . Absorptions within
spectra of petroleum hydrocarbon contaminated soils originate from combinations and
overtones of C-H, N-H, O-H, and S-H stretching and bending vibrations of saturated and
aromatic functional groups within the soils (Aske et al., 2001). It is, therefore, expected that
the amounts of these absorbing bonds or functional groups should be solely responsible for
the absolute absorptions observed within soil spectra. However, upon contamination, both the
motor oil and crude oil sludge imparted a darker tone to the soils than observed in the diesel
contaminated soils. As measurements within the visible region is sensitive to color
variations, the dark tone imparted to soils by motor oil and crude oil sludge may likely be
responsible for the observed slight discrimination among the groups within the PCA scores

plot, rather than the type of petroleum hydrocarbon contamination.
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Figure 5.7: Scores plot of a principal component analysis showing spectral distribution of

soils. Where symbols indicate contaminating oil: X=contaminated with diesel;
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Partial least square regression models derived from all four data sets gave good quality
statistics with validation R? greater than 0.80 and RPD values greater than 1.8 (Table 5.4).
Comparing the models, PLSR model of diesel contaminated soils performed the best while
PLSR model of motor oil contaminated soils performed better than PLSR model of oil sludge
contaminated soils. The validation R and RPD values were observed to decrease while the

percentage prediction error increased as the soils darken due to contamination (Figure 5.7).
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Table 5.4: Effect of type of contaminating material on performance of ETPH — VNIR partial least square regression models of petroleum

hydrocarbon contaminated soils

Data set Contamination ~ Pre-processing  Optimum Calibration validation
(12.37 - 15.6 % OC) material factor
R RMSEc R RMSEv RPD % PE
(Logioppm) (Logioppm)
Soil X Diesel SNV-DT 1 0.94 0.11 0.97 0.08 5.5 2.1
Soil Y Motor oil SNV-DT 2 0.85 0.15 0.80 0.18 2.3 3.8
Soil Z Crude oil sludge ~ SNV-DT 2 0.80 0.17 0.83 0.17 1.8 4.5
All three groups Logio (1/R) 2 0.83 0.17 0.74 0.21 2.0 5.3

Where OC = Organic carbon content; Logo(1/R) = Absorbance, where R is the reflectance value; Savitzky—Golay filter ; SNV-DT = standard normal variate coupled with

detrend correction.
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5.4 Conclusion

Quantitative predictions of extractible petroleum hydrocarbon content in soils were achieved
using a combination of visible near infrared spectra and partial least square regression
modeling. Quality of models was found to be affected by the spatial variations within soil
samples used for model calibration/validation, though PLSR model developed from
contaminated soils with a highly variable geological composition gave reasonable model

quality statistics (RPD = 1.4).

A higher organic carbon (OC) content in soils used for model calibration/validation was
observed to lower the quality statistics of PLSR models developed for ETPH, even though all
three models developed within the OC range (0.94 — 26.5% OC) gave quite good prediction
statistics. Likewise, models developed for spectra derived from soils that had been
contaminated with dark petroleum hydrocarbon products (e.g. crude oil sludge and motor oil)
had lower model quality statistics compared with those derived from clear products such as

diesel that do not darken soils as much.

Considering the high costs and analytical time associated with current wet chemistry
procedures for analysis of petroleum hydrocarbons in soils, the prospect of using this
relatively cheaper and faster procedure of VIS NIR spectroscopy is particularly promising.

Additional research with larger data sets and real-time field contaminated soils is suggested.
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Chapter 6. Conclusion

This study investigated the potential of visible near infrared diffuse reflectance spectroscopy
(VNIR DRS) for soil analysis, focusing on soil carbon and extractable petroleum
hydrocarbons. This area of research has been characterised by differences in the levels of
accuracies reported by previous studies of both soil organic carbon and total petroleum
hydrocarbons, including the results obtained within this study. However, this study, in
common with most previous studies, shows that diffuse reflectance spectra contain
information that can be used to qualitatively discriminate between soils, based on chemical
composition. Additionally, combining the spectra with data obtained using alternative
analytical procedures in a multivariate regression has demonstrated considerable potential for
quantitative characterisation of soil organic carbon and petroleum hydrocarbon contamination
in soils. It is, however, important to ensure that reference procedures are accurate and
reproducible, as the reliability of regression models rests solely on the quality of data used to

populate them.

As the overall aim of multivariate calibrations is to generate robust predictions, they require
appropriate regression methods and adequate validation. Within this study, a 76/24 dataset
split pattern is identified as an optimal split, ensuring that significant proportions of datasets
are used for both model calibration and testing. Little difference was observed between the
predictive performances of the support vector machine regression (SVMR) (R? = 0.94) and
the partial least square regression (PLSR) (R? = 0.96). The multiple linear regression model
was found to be the least robust (R* = 0.90), despite calibrating with wavelength variables
~1150 — 1550nm, ~1650 — 1750nm, ~1800 — 2100nm and ~2200 — 2449nm where
absorptions were found to havehigh correlation (R? > 0.70) with measured extractible total

petroleum hydrocarbon contents of contaminated soil. This implies that modeling soil
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parameter using visible near infrared diffuse reflectance spectroscopy may be better done by
incorporating all information provided by several spectral features using regression tools that
can accommodate multi-collinearity such as the SVMR and the PLSR, to ensure that subtle
information are not discarded and the correlations between absorptions at all wavelengths are

taken into consideration.

The prediction performances of VNIR DRS models (for both soil carbon and extractable total
petroleum hydrocarbons) were observed to reduce with an increase in the geographical size
of soil collection sites. VNIR DRS models derived from soils obtained from the University
of Reading farm in Wisley exhibited better predictions than models derived from soils
collected from a wider area in Southwest England, themselves also performing better than
models derived from soils collected across England. This is an indication that constructing
robust universal models using large scale universal libraries equipped with VNIR DR spectra
of soils from large geographical areas such as the size of England may be hard to achieve and
the best calibration models will likely be generated from spectral data derived from local soils

with similar geology such as a large farm.

A comparison of the predictive accuracies of visible near infrared diffuse reflectance
spectroscopy and mid infrared diffuse reflectance spectroscopy (MIR DRS) showed little
difference in performances for soil carbon analysis. This is a positive indication that soil
carbon can be predicted with similar accuracies from VNIR spectra, which requires less

sample preparation and considerably less costly analytical equipment than MIR DRS.

In the study using agricultural soils contaminated with petroleum hydrocarbon products in the
laboratory, the performance of VNIR DRS for characterizing extractible total petroleum
hydrocarbons (ETPH) in soils was observed to be affected by organic carbon content of soils.

Higher model performances were observed at low organic carbon content (SOC 0.94 — 3.7%,
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R?=0.97; SOC 12.4 — 15.6%, R? = 0.97; SOC 20 — 26.5% R? = 0.91), though all partial least
square models developed for the organic carbon range studied (0.94 — 26.5%) had good
prediction qualities (RPD > 2). Similarly, the quality of models were also affected by the type
of petroleum hydrocarbon product that had been used to contaminate the soils, with models
developed for spectra derived from soils that had been contaminated with dark toned
petroleum hydrocarbon products (e.g. crude oil sludge) having lower model quality statistics

compared with that derived from clear light toned products (e.g. diesel).
Future work
This study suggests additional research should address the following points:

1. Modelling with larger sample sets of soils and a wider range of soil carbon and
extractible total petroleum hydrocarbon contents, from larger geological ranges than
used in this study.

2. Use of real time on-field spectral measurements with VNIR DR incorporating actual
field contaminated soils for petroleum hydrocarbons. This will allow for a study of
how atmospheric moisture, size and shape of soil aggregates, management/ farming
practices and other factors that can influence soil reflectance contribute to the
robustness of VNIR DRS models.

3. An improvement of data selection procedures using algorithms that consider both the
spectral data and the reference measurements for selecting a calibration set for
regression modelling

4. An assessment of other non-linear regression methods such as the random forests and
artificial neural networks which have higher capacities to accommodate the non-linear
characteristics of soil spectra for VNIR DR characterization of soil carbon and

extractible total petroleum hydrocarbons.
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5. Development of soil spectral libraries at the regional scale

In conclusion, considering the high costs and analytical time associated with conventional
procedures for soil analysis, the prospect of using VNIR DRS offers a promising, cheaper and

faster approach. However, despite some research into its application, the potential of this

approach has not been fully exploited.
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Appendix i

Weighted regression coefficients of VNIR-PLSR models for the prediction of soil organic
carbon (SOC). The magnitude of the regression coefficient at each wavelength is proportional
to the importance of the wavelength variable in each model. Each column is independent of
other columns.

Soil group
Wavelength Wisley South west England All three
variables (nm) England groups
401.38 0.0352 0.2770 0.0000 0.0105
408.23 0.0319 0.2460 0.0000 0.0104
415.12 0.0277 0.1796 0.0177 0.0103
422.05 0.0252 0.0630 0.0169 0.0101
429.01 0.0230 -0.0731 0.0190 0.0098
436.00 0.0201 -0.0698 0.0220 0.0095
443.01 0.0181 -0.1368 0.0252 0.0092
450.05 0.0159 -0.1715 0.0286 0.0089
457.11 0.0132 -0.1502 0.0286 0.0088
464.19 0.0110 -0.1743 0.0280 0.0087
471.28 0.0088 -0.2071 0.0266 0.0086
478.39 0.0067 -0.1696 0.0205 0.0082
485.51 0.0051 -0.1823 0.0161 0.0078
492.64 0.0035 -0.1883 0.0107 0.0072
499.78 0.0016 -0.1895 0.0054 0.0066
506.93 0.0003 -0.1079 0.0014 0.0056
514.09 -0.0005 -0.1084 -0.0026 0.0048
521.26 -0.0017 -0.1059 -0.0045 0.0039
528.44 -0.0031 -0.0374 -0.0038 0.0029
535.62 -0.0041 0.0324 -0.0016 0.0019
542.80 -0.0046 0.1113 0.0005 0.0007
550.00 -0.0052 0.1690 0.0022 -0.0004
557.19 -0.0061 0.1987 0.0052 -0.0014
564.40 -0.0072 0.2390 0.0102 -0.0022
571.60 -0.0082 0.3430 0.0158 -0.0032
578.82 -0.0090 0.3856 0.0208 -0.0039
586.04 -0.0100 0.3617 0.0251 -0.0043
593.26 -0.0112 0.4257 0.0293 -0.0049
600.49 -0.0123 0.4667 0.0329 -0.0053
607.72 -0.0131 0.4869 0.0345 -0.0056
614.96 -0.0140 0.4045 0.0340 -0.0055
622.20 -0.0150 0.3642 0.0339 -0.0055
629.45 -0.0159 0.3690 0.0343 -0.0056
636.70 -0.0166 0.3476 0.0324 -0.0056
643.96 -0.0171 0.3022 0.0339 -0.0054
651.22 -0.0181 0.2842 0.0341 -0.0056
658.49 -0.0180 0.2658 0.0337 -0.0055
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Wavelength
variables (nm)

665.76
673.03
680.31
687.60
694.89
702.18
709.47
716.77
724.07
731.38
738.68
745.99
753.30
760.61
767.92
775.23
782.54
789.85
797.16
804.47
811.78
819.08
826.39
833.70
841.00
848.31
855.61
862.92
870.22
877.53
884.85
892.17
899.49
906.82
914.16
921.52
928.89
936.27
943.68
951.11
958.57
966.06
973.59
981.16
988.78
996.46
1025.89

Wisley

-0.0182
-0.0182
-0.0186
-0.0186
-0.0181
-0.0174
-0.0167
-0.0162
-0.0159
-0.0156
-0.0154
-0.0150
-0.0146
-0.0139
-0.0130
-0.0121
-0.0114
-0.0110
-0.0107
-0.0104
-0.0100
-0.0095
-0.0091
-0.0086
-0.0083
-0.0079
-0.0075
-0.0072
-0.0068
-0.0065
-0.0063
-0.0060
-0.0058
-0.0055
-0.0050
-0.0051
-0.0055
-0.0059
-0.0065
-0.0072
-0.0081
-0.0093
-0.0108
-0.0127
-0.0147
-0.0173
-0.0163

South west
England

0.2065
0.0744
0.1327
0.1243
0.0969
-0.0483
-0.1484
-0.1470
-0.1462
-0.1564
-0.1622
-0.1537
-0.1218
-0.0881
-0.1897
-0.3241
-0.3496
-0.3201
-0.2611
-0.2391
-0.2442
-0.2588
-0.2685
-0.2680
-0.2733
-0.2765
-0.2707
-0.2583
-0.2507
-0.2594
-0.2820
-0.3063
-0.3114
-0.3160
-0.3745
-0.3469
-0.2199
-0.1148
-0.0627
-0.0308
0.0275
0.1199
0.2294
0.3267
0.3642
0.4222
0.6133

England

0.0323
0.0287
0.0295
0.0317
0.0328
0.0309
0.0283
0.0251
0.0227
0.0218
0.0223
0.0242
0.0261
0.0277
0.0286
0.0293
0.0296
0.0302
0.0310
0.0320
0.0331
0.0332
0.0332
0.0333
0.0333
0.0330
0.0323
0.0309
0.0284
0.0268
0.0244
0.0234
0.0237
0.0216
0.0201
0.0171
0.0150
0.0145
0.0128
0.0094
0.0057
0.0039
0.0024
0.0016
-0.0073
-0.0078
-0.0058

All three
groups

-0.0053
-0.0049
-0.0053
-0.0053
-0.0051
-0.0044
-0.0040
-0.0041
-0.0041
-0.0041
-0.0040
-0.0040
-0.0041
-0.0041
-0.0033
-0.0024
-0.0021
-0.0020
-0.0021
-0.0018
-0.0014
-0.0009
-0.0004
0.0000
0.0005
0.0010
0.0014
0.0018
0.0022
0.0027
0.0033
0.0039
0.0043
0.0047
0.0055
0.0054
0.0048
0.0044
0.0044
0.0044
0.0042
0.0037
0.0032
0.0028
0.0028
0.0025
0.0013
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Wavelength
variables (nm)

1071.13
1115.63
1159.38
1202.37
1244.60
1286.07
1326.76
1366.68
1405.81
1444.16
1481.71
1518.47
1554.42
1589.56
1623.89
1657.40
1690.08
1721.93
1752.95
1783.13
1812.46
1840.94
1868.56
1895.32
1969.60
2020.73
2070.94
2120.23
2168.59
2216.04
2262.56
2308.17
2352.85
2396.61
2439.45
2481.37

Wisley

0.0012
0.0170
0.0304
0.0426
0.0529
0.0605
0.0648
0.0616
0.0476
0.0441
0.0489
0.0551
0.0610
0.0643
0.0648
0.0622
0.0598
0.0557
0.0524
0.0495
0.0463
0.0415
0.0309
-0.0063
-0.0628
-0.0287
-0.0147
-0.0110
-0.0126
-0.0202
-0.0366
-0.0518
-0.0616
-0.0764
-0.1037
-0.1348

South west
England

0.4314
0.4336
0.4473
0.4089
0.4151
0.4297
0.4025
0.3626
0.0445
-0.0619
0.0592
0.1269
0.0701
-0.0545
-0.0248
0.0396
0.0205
-0.0695
-0.1651
-0.2987
-0.3744
-0.4851
-0.7323
-0.9624
-1.7527
-1.5710
-0.4521
0.4773
0.4696
0.0092
0.2669
0.6263
0.5842
0.3030
0.4383
1.0917

England

-0.0024
0.0055
0.0086
0.0224
0.0351
0.0522
0.0721
0.0605
0.0397
0.0152
0.0093
0.0301
0.0371
0.0355
0.0272
0.0214
0.0232
0.0253
0.0304
0.0272
0.0231
0.0123
0.0069
0.0324
0.0413
0.0475
0.0575
0.0695
0.0485
0.0010
-0.0258
-0.0148
-0.0028
-0.0696
0.0000
0.0000

All three
groups

0.0021
0.0012
0.0003
-0.0002
-0.0006
-0.0009
-0.0011
-0.0011
-0.0012
-0.0035
-0.0035
-0.0024
-0.0004
0.0015
0.0020
0.0017
0.0018
0.0026
0.0035
0.0046
0.0059
0.0071
0.0085
0.0052
-0.0016
0.0023
-0.0035
-0.0082
-0.0028
0.0064
0.0007
-0.0036
-0.0030
-0.0015
-0.0059
-0.0146
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Appendix ii

Weighted regression coefficients of VNIR-PLSR model for the prediction of extractible total
petroleum hydrocarbons (ETPH) in soils. The magnitude of the regression coefficient at each
wavelength is proportional to the importance of the wavelength variable in the model.

Wavelenghts Regression coefficients
401.38 0.1303
408.23 0.0940
415.12 0.0540
422.05 0.0376
429.01 0.0160
436.00 -0.0090
443.01 -0.0221
450.05 -0.0467
457.11 -0.0632
464.19 -0.0841
471.28 -0.0990
478.39 -0.1139
485.51 -0.1203
492.64 -0.1246
499.78 -0.1346
506.93 -0.1347
514.09 -0.1248
521.26 -0.1188
528.44 -0.1154
535.62 -0.1012
542.80 -0.0786
550.00 -0.0566
557.19 -0.0370
564.40 -0.0214
571.60 -0.0046
578.82 0.0134
586.04 0.0259
593.26 0.0326
600.49 0.0395
607.72 0.0489
614.96 0.0555
622.20 0.0568
629.45 0.0587
636.70 0.0634
643.96 0.0685
651.22 0.0699
658.49 0.0820
665.76 0.0915
673.03 0.0970
680.31 0.0977

182



Wavelenghts Regression coefficients

687.6 0.1040
694.89 0.1151
702.18 0.1272
709.47 0.1361
716.77 0.1438
724.07 0.1478
731.38 0.1499
738.68 0.1506
745.99 0.1506
753.30 0.1524
760.61 0.1542
767.92 0.1580
775.23 0.1587
782.54 0.1534
789.85 0.1438
797.16 0.1326
804.47 0.1199
811.78 0.1080
819.08 0.0945
826.39 0.0794
833.70 0.0642
841.00 0.0469
848.31 0.0287
855.61 0.0106
862.92 -0.0088
870.22 -0.0281
877.53 -0.0486
884.85 -0.0667
892.17 -0.0885
899.49 -0.1061
906.82 -0.1219
914.16 -0.1394
921.52 -0.1607
928.89 -0.1856
936.27 -0.2054
943.68 -0.2300
951.11 -0.2506
958.57 -0.2741
966.06 -0.3002
973.59 -0.3304
981.16 -0.3603
988.78 -0.3818
996.46 -0.4176

1025.89 -0.4373
1071.13 -0.3398
1115.63 -0.2461
1159.38 -0.1469
1202.37 -0.0561
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Wavelenghts Regression coefficients

1244.60 -0.0156
1286.07 0.0221
1326.76 0.0557
1366.68 0.0608
1405.81 0.0300
1444.16 0.0750
1481.71 0.1056
1518.47 0.1276
1554.42 0.1524
1589.56 0.1728
1623.89 0.1794
1657.40 0.2003
1690.08 0.3201
1721.93 0.4140
1752.95 0.3697
1783.13 0.2972
1812.46 0.2245
1840.94 0.1530
1868.56 0.0625
1895.32 -0.1762
1969.60 -0.2729
2020.73 -0.0251
2070.94 0.1169
2120.23 0.1629
2168.59 0.1607
2216.04 0.0466
2262.56 0.1508
2308.17 0.1374
2352.85 0.0582
2396.61 -0.1107
2439.45 -0.3003
2481.37 -0.4777
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