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ABSTRACT

Diffuse reflectance spectroscopy (DRS) is a method of soil carbon (C)
quantification. In this study, the Vis-NIR (350 — 2500 nm) and MIR (2500-25000 nm)
regions were evaluated to determine respective predictive accuracies of soil organic and
inorganic carbon (SOC and SIC, respectively). The dataset included 315 soil samples of
glacial till origin, obtained from six independent farm sites within the Golden Triangle
region of Montana, with depths ranging from 0-100 cm.

For Vis-NIR analysis, Local vs. Regional vs. Global calibration sets were
compared by six-fold cross validation by site of C predictions developed by Partial Least
Squares (PLS) regression and Boosted Regression Trees (BRT). First derivative spectral
data was used along with four preparation methods: (i) field moist and (ii) dry cores, (iii)
2-mm sieved (“Sieved”) and (iv) milled samples (<200-pm, “Milled”) were used to
evaluate the potential application to in-situ analysis. The most accurate SOC predictions
were from Milled samples using a Local calibration set. SOC predictions were a result of
SOM electronic absorptions within the visible region. The most accurate SIC predictions
were from Sieved samples with a Local calibration set.

Within the MIR analysis, spectral transformations, KBr dilution and Regional vs.
Local calibrations were evaluated using the same independent validation procedure of
PLS calibrations. Spectral transformations included: absorbance (AB), first derivative
(D) and Kubelka-Munk (KM) from samples prepared both with and without KBr
dilution. The most accurate SOC predictions were obtained from models developed with
the D transformation of Local spectral data. SOC predictions were a result of SOM, clay
and carbonate absorptions. The most accurate SIC prediction was from the KM
transformation of Local spectral data. KBr diluted samples gave comparable regional
predictive accuracy to neat samples. Specular reflection was found in neat sample
spectral signatures; with Local core addition, neat samples built more accurate prediction
models despite these distortions.

In the end, it was determined that the MIR region provides more accurate
predictions of soil C for calcareous glacial till soils of north central Montana. But, the
Vis-NIR region presents an accurate method while existing as the less expensive and
more efficient route.



CHAPTER 1

INTRODUCTION

Diffuse reflectance spectroscopy (DRS) is used as a reliable, efficient and
inexpensive means of characterizing soils (Dunn et al., 2002; McCarty et al., 2002;
Brown et al., 2005). Traditional laboratory methods are often more time consuming, can
require extensive training of personnel, produce waste, and leave the soil sample distorted
and unusable for future analyses (Chang et al., 2002; Dunn et al., 2002). With the rise of
precision (site-specific) agriculture, characterization for more soil samples from a limited
area is necessary and conventional laboratory analysis is too costly (Dunn et al., 2002).
As well, soil carbon (C) data is particularly important for future global C research as soils
are looked to as a possible atmospheric C sink or source (Brown et al., 2005).

Diffuse reflectance spectroscopy is used for material analysis using the visible to
near infrared (Vis-NIR, 400-2500 nm) and mid infrared (MIR, 2500-25000 nm) regions.
Recent studies focus on the prediction of a suite of soil characteristics that are normally
determined individually with traditional laboratory methods. There is extensive research
in the area of Vis-NIR as well as MIR DRS predictive soil analyses (Ben-Dor & Banin,
1995; Dunn et al., 2002; Shepherd & Walsh, 2002; Chang & Laird, 2002; McCarty et al.,
2002; Islam et al., 2003; Brown et al., 2005; Viscarra Rossel et al., 2006). What is
lacking in the research is adequate validation of the prediction models developed;
adequate validation involves applying the prediction model to a dataset independent of

the dataset used to calibrate the prediction model. Many of these studies have been



validated using a random selection procedure that is not always guaranteed independent
(Brown et al., 2005). Even more studies have been published solely reporting calibration
results that are inapplicable to outside data (unless independently validated).

The predictive accuracies of the MIR and Vis-NIR regions have been evaluated;
the question as to which region provides more accurate predictions is still left
unanswered. Several studies have investigated this problem (McCarty et al., 2002;
Reeves III et al., 2002; Viscarra Rossel et al., 2006) but again, “independent” validation
procedures have left much to be desired. For future soil analysis needs, it is important to
know which region can most efficiently provide accurate information.

Soil sample preparation is an essential topic of concern that could pave the way
toward more accurate DRS predictions and/or more efficient analysis procedures. The
Vis-NIR spectrometer has been developed as a piece of equipment safe and convenient to
use in-situ yet there have only been two studies reporting the accuracy of this data
(Sudduth and Hummel, 1992; Waiser et al., in review) — Sudduth and Hummel reporting
on SOM analysis and Waiser et al. reporting on clay quantification. In MIR research, the
issue of neat sample (as is) analysis vs. KBr-diluted sample analysis is still up for debate.
Specular reflection in the MIR results in the distortion of prominent spectral absorptions
unless samples are diluted in a non-absorbing matrix (Olinger and Griffiths, 1993). But,
neat sample analysis was determined qualitatively comparable to diluted sample analysis
(Nguyen et al., 1991), therefore MIR quantitative analyses moved directly to this method

because of its simplicity. With the possibility of spectral distortion in the MIR region,



predictive accuracy as well as qualitative spectral results of neat vs. diluted samples
should be examined further.

Organic matter (SOM) is a complex soil component that has been difficult to
consistently characterize with spectroscopy. Organic constituents have been analyzed
individually using transmission spectroscopy in the MIR (Gerasimowicz, Byler and Susi,
1986; Baes and Bloom, 1989; Celi et al, 1996), but because of the complexity
surrounding these constituents, they have been difficult to analyze within soil in its
entirety.

There are questions lingering relating to the predictive accuracy of organic C.
First and foremost, are these predictions truly relating to SOM absorptions or are they
derived from more distinct absorptions such as those from clay or iron oxides (Clark et
al., 1999; Brown et al., 2005)? Organic matter quantification and characterization is
important for many areas of soil research; the details pertaining to infrared analysis of
SOM should be better understood for future applications.

As a result of these fundamental elements missing in the current research, the
following project was organized around the focal question: which region, NIR or MIR, is
the most efficient method of analysis for rapid and convenient predictions of soil C? To
answer this question, several objectives were approached:

1) construct a robust and independently validated soil C prediction model using

the most efficient and accurate calibration dataset available.

2) qualitatively examine soil spectra within different preparation methods.



3) investigate the effects of soil organic matter on soil spectral signatures as well
as its relation to SOC predictions.
The subsequent thesis is organized into four additional chapters. Chapter two is a
review of literature surrounding DRS, chapter three meets the preceding objectives
utilizing the NIR region, chapter four meets the objectives utilizing the MIR region, and

chapter five is a summary and conclusion of the project.
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CHAPTER 2

LITERATURE REVIEW

Fundamentals of Diffuse Reflectance Spectroscopy (DRS)

Theory

Spectroscopy is the study of light (including the non-visible wavelengths)
emitted, reflected, or scattered from a sample (Springsteen, 1998). Light can be
measured in units of frequency or wavelength according to the equation

Av=c (1)
where ) is wavelength (m), v is frequency (Hz, s™') and c is the speed of light, 2.998 - 10°
ms™. With c as a constant, frequency can also be described as the reciprocal of
wavelength or wavenumber (V)

AT =19 (2)
This unit of measurement is analogous to wavelength and is used particularly in the mid
infrared region.

Light travels in “packets” of energy, or photons, and each photon carries a
specific amount of energy related to the frequency or wavelength of the light according to

E=hv 3)
where E is energy (J), h is Planck’s constant (6.626 - 10°*J-s). This equation
summarizes the qualitative impact of light — higher frequency results in higher energy

and thus a lower wavelength gives higher energy (Umland and Bellama, 1996). This



relationship can be viewed in Fig. 2.1, a diagram of the electromagnetic spectrum. The
regions focused on here will be the visible (Vis, 400-700 nm), the near infrared (NIR,

700-2500 nm) and the mid infrared (MIR, 2500-25000 nm).

E Energy

Wavenumber (cm!)

25,000 14,286 4,000 400
<JUV I vis| NIR MIR FIR
0.4 0.7 25 25

Wavelength (um)

Figure 2.1. A diagram of the electromagnetic spectrum .

Solid materials have five reactions to light which can be qualified and quantified
by spectroscopy: scattering, transmission, reflectance, diffraction and absorption
(Workman, 1998). Transmission spectroscopy is based upon the relationship known as
Beer’s Law, a quantitative interpretation as to how photons are attenuated in relation to
an intervening medium (Clark, 1999). When used in transmission spectroscopy, Beer’s

Law is stated as

[=1,e™ 4)

where I is the output intensity at a specific wavelength, I, is the original intensity at the

same wavelength, a is the wavelength and material specific absorptivity, c is the

concentration of the analyte and 1 is the optical path length. This law only applies when



the analyte is diluted in a non-absorbing matrix such as KBr. The equation leads to a
derivation of the linear relationship between absorbance and concentration (Duckworth,
1998)
A =log(1/T) = acl %)
where A is absorbance and T is transmittance or 1/1,.
Similarly, the Kubelka-Munk function is a linear relation between analyte
concentration and reflectance for diffuse reflectance spectroscopy -

(1-R)* _k
2R s (6)

0

f(R,)=

where R, is the reflectance after penetration and scattering throughout a non-absorbing

matrix of infinite depth, and k = EC with €, molar absorptivity, and C, concentration

(Coates, 1998). This relationship only applies to samples diluted in a non-absorbing
matrix.

Reflectance can be divided into three forms: specular, diffuse and diffuse
specular. Diffuse reflectance is light that has been redirected over a range of angles after
entering and passing through the sample (Stewart, 1998) and is a focus of spectral
measurements. Specular reflectance is light that has been reflected as from a mirror
(Stewart, 1998) and can distort spectral measurements. Stronger absorption features
(fundamentals) are typically more affected by specular reflection than weaker absorptions
(overtones and combinations) are. For this reason, the NIR region is generally not
affected by specular reflectance interference while the MIR region is (Ollinger and

Griffiths, 1993). Intense absorption features can even experience a complete band
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inversion as a result of specular reflectance interference known as Restrahlen bands
(Nguyen et al., 1991). Grinding materials into a fine powder and diluting in a non-
absorbing matrix can reduce or eliminate specular reflectance (Coates, 1998). Ollinger
and Griffiths (1993) compared KBr-diluted and undiluted samples of cellulose, sucrose
and wheat starch in the NIR and MIR and found that specular reflectance in the MIR

region does occur with neat sample preparation but does not with KBr-diluted samples.

Absorption

According to Clark (1999), there are two processes of absorption: vibrational and
electronic. Vibrational absorption is a result of molecular bonds. Bonds between atoms
of a molecule with a dipole moment vibrate at a specific frequency due to symmetric
stretching, asymmetric stretching and bending (Umland and Bellama, 1986); for a
molecule with N atoms, there are 3N-6 fundamental vibrations (referred to as 01, 0,, 03,
etc.). Overtone vibrations occur as a multiple of these fundamental vibrations (e.g. 20,
39y, etc.) and combination vibrations occur as a result of the fundamental vibrations
complementing each other (e.g. 01+ 0,, U2+ V3, etc.) (Clark, 1999).

Fundamental vibrational absorptions occur in the MIR region, with overtones and
combinations occurring at lower MIR wavelengths as well as in the NIR. The NIR
region holds first overtones of C-H, O-H and N-H bond vibrations (Weyer and Lo, 2002)
because of the close proximity of the relative fundamentals within the MIR region. For
example, water fundamentals are found at 6269, 2738, and 2662 nm with overtones of the

OH stretch at about 1400 nm and the combination of the H-O-H bend with the OH stretch
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found near 1900 nm (Clark, 1999). Although fundamental absorptions are stronger than
overtones and combinations, overtones are specific to each constituent and are more
sensitive to changes in the chemical composition of the absorbing molecule leaving both
regions (Wetzel, 1983).

Electronic absorption is a result of the individual energy states within the electron
shell of an ion; in DRS analysis of soils, this type of absorption is related to metal ions
within a mineral, particularly iron. As electrons change energy levels, the atoms absorb
different wavelengths of light energy. Electronic absorptions are often the cause of color
in minerals, particularly iron bearing minerals, and occur at lower wavelengths (higher
energy states) within the NIR and Vis regions(Clark, 1999).

As individual molecules absorb and reflect light at different wavelengths, they
will contribute to different peaks and troughs within a spectral signature. Hence, each
mineral and soil constituent (e.g. kaolinite, hematite, carbonate, water, etc.) has its own
particular spectral reflectance signature. Soils are a heterogeneous mixture of these
constituents and therefore these signatures combine to form a complex and unique

spectral signature of each individual soil.

Pertinent Mineralogical and Molecular Absorptions

The ultimate objective of spectroscopic analysis of soils has been to relate the
properties analyzed by traditional laboratory procedures to the spectral features of the soil
determined through spectroscopy. These properties include clay, sand, organic matter

and water content (among many other characteristics) which all influence the amount of
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energy that is reflected or absorbed. Exact locations of soil constituent absorptions have
been determined for both the NIR and MIR regions. The following are key features

relative to this study published in the literature thus far.

MIR

In the MIR region, fundamental and overtone absorptions of soil constituents have
been established (Clark et al., 1990; Nguyen et al., 1991). The major influences to soil
spectra in the MIR are clay and quartz absorptions which can seriously interfere with
organic absorptions (Skjemstad et al., 1998) as well as carbonate absorptions (Nguyen et
al., 1991). Hydroxyl stretching occurs at 3755 and 3651 cm™, both appearing with the
presence of clay, and water bending occurs at 1595 cm™ (Clark et al., 1990). Quartz
absorption features occur at: 2000, 1870, 1790, 1080, 800-780, and 700 cm’! (Nguyen et
al., 1991). Carbonates show several peaks; the fundamental absorptions are at 1063, 879,
680 and cm™ with overtones at 4000, 2800 and 2500 cm™ (Clark, 1999).

Organics absorptions have also been identified in the MIR region. Gerasimowicz
et al. (1986) used transmission analysis of humic acid to assign qualitative values to
absorption peaks at 3750-3570 cm™ (OH stretch), 3000-2800 cm™ (aliphatic CH stretch),
1720-1500 cm™ (carbonyl and amide stretching), 1480-1350 cm™ (CH bend), 1300-1000
cm” (CO stretching and COH bending). Baes and Bloom (1989) used transmission and
diffuse reflectance spectroscopy of humic and fulvic acids to assign the following bands:
OH absorbance features at 3400 cm™ for fulvic acid and 3300 cm™ for humic acid (it was

suggested that the shift in fulvic acid spectra is due to H-bonding), CH stretching
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vibration absorbance at 3030 cm™' for both, OH stretching of COOH at 2600 cm'l, CcO
stretching vibration of COOH as a strong band at 1720 cm™, aromatic CC and amide NH
stretching at 1610-1620 cm™, and C-OH stretch at 1270 cm™. Most of these absorption
features are located within or close to absorptions of the aforementioned constituents

making it difficult to definitively determine SOM absorptions in the MIR region.

Vis-NIR

Soil spectra in the Vis-NIR region are most influenced by absorption bands of
iron oxides (870 and 1000 nm), overtones of water (1200, 1450, 1770 and 1950 nm) and
hydroxyl stretching (1400 nm) and a metal-OH stretch combination (2200-2300 nm)
(Baumgardner et al., 1985). Clark et al. (1990) established the prominent Vis-NIR soil
spectra as that which shows water absorptions at approximately 1400 and 1900 nm as
well as the metal-OH combination at 2200-2300. Carbonaceous soils show overtone
features at 2500 and 2300-2350 nm and weaker combinations near 2120-2160, 1970-
2000 and 1850-1870 nm (Clark, 1999).

Organics have been more difficult to characterize in the Vis-NIR region as it only
holds overtones of CH, OH and NH fundamental absorptions found at low wavelengths
of the MIR region. Workman (1998) assigned absorptions in the NIR to organics
including 1700-1900 and 1100-1300 nm to CH first and second overtones, respectively,
and 1450-1550 nm as the NH first overtone. Chang et al. (2002) and Workman (1998)

both assigned a distinct stretch from 2300-2350 nm to humic acid. Most of the organic
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absorption features would likely be overlapped by stronger absorptions of water and

carbonates, explaining the difficulty in interpretation of Vis-NIR soil spectra.

Quantitative Spectroscopy

Chemometrics is the process through which we obtain chemical information about
an “unknown” material using chemical data from a reference material. In spectroscopy,
the process refers to utilizing spectral data to predict related chemical data (Duckworth,
1998). Regression is used as a prediction method, though one of the key problems in
spectroscopy is the set of highly correlated predictor variables (spectral data). Principal
component regression (PCR) is used with the objective of reducing highly correlated data
into a smaller set of uncorrelated orthogonal vectors to use as a reduced set of predictor
variables (Wold et al., 2001) and was one of the first methods to include all spectral data
within the prediction (Chang et al., 2001).

Partial least squares (PLS) regression is one of the more effective and commonly
used prediction methods in spectroscopy. The basis of this technique is decomposition of
the spectral data into a set of eigenvectors and scores while using the concentration data
from a set of “known values” (Duckworth, 1998). The method is similar to PCR, except
that both X and Y variables are used to build vectors with the greatest predictive power,
correlating new X variables with provided Y data (Wold et al., 2001). A calibration
model is built using new uncorrelated and reduced X variables and known Y variables,
and is then validated through application to a new set of data with properties falling

within the range of the calibration set (McCarty et al., 2002).
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Regression tree analysis, an alternative to traditional regression methods, was
initially introduced into the social sciences in the 1960’s (Sain and Carmack, 2002) but
has only recently been applied to the field of spectroscopy (Goodacre et al., 2001;
Kaihara et al., 2001; Johnson et al., 2004). Regression trees are alternatives to traditional
regression methodologies that build on complex interactions between high-order data
(Sain and Carmack, 2002). Boosting algorithms have been introduced to regression trees
to weight predictors; throughout the model building process, weaker predictors are
weighted more heavily than stronger predictors. In the end, heavier weights are applied
to the most important variables. Friedman (2001) has published an outline of boosting
algorithms and theory. Boosting trees are an additive approach, taking many small
simple models to build a more complex model. It requires a large dataset but is a quick
process. Random subsets are taken of the model to determine the best possible fit
(termed “bagging”), thereby making overfitting unlikely (Breiman, 1996).

The Treenet ® package (Salford Systems, San Diego, CA) includes a stochastic
gradient boosting program as does the R freeware statistical package (R Development
Core Team, 2004). Gradient boosting is a statistical approach that optimizes the standard
boosting reweighting procedure (Friedman, 2001). This predictive approach is
insensitive to input errors because of the weighting procedure, requires no variable
transformations, handles large amounts of data in a relatively short period of time. Itis a
new application to the world of spectroscopy that has thus far only been applied within
global spectroscopic analysis of soils (Brown et al., 2006). Additional applications might

lead to a successful means of prediction pending future research.
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Empirical Results

Near infrared prediction models began with multiple regression, using only three
absorption wavelengths as predictor variables and the properties obtained in the
laboratory as the response variable (Dalal and Henry, 1986). Since then, different
statistical analysis methods have been used including PLS regression (Rumpel et al,
2001; Dunn et al, 2002; Reeves and McCarty, 2002; Chang and Laird, 2002), PCR
(Chang et al, 2001; Islam et al., 2003) and multivariate adaptive regression splines
(Shepherd and Walsh, 2002) leading to the ability to use up to hundreds of spectral
characteristics. Predictive applications in the MIR used multivariate analyses as well,
including PCR and PLS (Janik et al, 1995 and 1998; Rumpel et al, 2001; Reeves et al,
2002; Bertrand et al, 2002; McCarty et al, 2002; Siebielec et al, 2004; Madari et al, 2005;
Viscarra Rossel et al., 2006). These studies showed success in calibration models built
around carbon, nitrogen, clay, moisture and metal contents, and other soil attributes.

Many C prediction models using near and mid infrared spectral data have been
built, but most lack independent validation. The validation stage in infrared quantitative
analysis is extremely critical (Ben-Dor and Banin, 1995), as is validation with an
independent data set (Brown et al., 2005) and this is where current research falls short. In
development of a prediction model, it is necessary to calibrate the model using the data
collected followed by validation with samples excluded from the calibration procedure.
It is then possible to determine how applicable the model would be outside of the
immediate dataset, which is a goal behind exploration of spectral prediction models.

Random selection or leave-one-out cross validation techniques do not guarantee sample



17

independence in most cases (Brown et al., 2005), and are therefore inappropriate methods
of model validation. There have been an abundance of calibration models developed
(Dalal and Henry, 1986; Morra et al, 1991; Ben-Dor and Banin, 1995; Chang et al, 2001;
Chang and Laird, 2002; Dunn et al., 2002; Shepherd and Walsh, 2002; McCarty et al.,
2002; Islam et al., 2003; Brown et al., 2005), but only a few studies have conducted
independent validation of reported calibrations.

Some studies that include independent validation results (Ben-Dor and Banin,
1995; Dunn et al., 2002) do not divulge exactly how the validation sets were chosen.
Other studies claim independent validation by “randomly choosing” the validation set
(Chang and Laird, 2002; Shepherd and Walsh, 2002; Islam et al., 2003). Brown et al.
(2005) showed that random validation sets overestimate predictive accuracy by
comparing these results to truly independent validation (in this case, validation by site).
With spatial correlation present in soils due to landscape positioning, randomly choosing
a validation dataset does not guarantee independence (Brown et al., 2005). As well,
geographic scale is often overlooked in the validation process. A larger physiographic
scale or wider range of soil properties implies more robustness by the model developed
and a wider range of potential applicability.

Studies of MIR predictive capability are equally lacking in application of
independent validation techniques. Though previous investigations have conveyed
positive MIR prediction capabilities, most studies have yet to validate models with

independent and unique data sets. Rumpel et al. (2001) and Bertrand et al. (2002) used
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MIR spectral data to predict soil characteristics. Predictive accuracy reported was that
only of the calibration data.

Investigations comparing NIR-PLS prediction capabilities with those derived
from MIR-PLS data are lacking independently validated predictions from a large
geographic range as well (Reeves et al, 2002; McCarty et al, 2002; Siebielec et al, 2004;
Madari et al., 2005; Viscarra Rossel et al., 2006). The studies that have developed carbon
calibrations have displayed MIR calibration models with higher correlation (r* > 0.70)
between predicted property values and measured values than those derived from NIR
calibrations. McCarty et al. (2002) validated their regional model with an independent
data set including 16 samples from a different state. Though small, their study represents
the most independent validation set in the literature to date, demonstrating the MIR
region as the more accurate region of prediction than NIR. Table 2.1 shows all

independently validated soil C prediction models.
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Table 2.1 NIR and MIR independently validated C prediction studies and statistics.
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CHAPTER 3

VISIBLE TO NEAR INFRARED DIFFUSE REFLECTANCE SPECTROSCOPY
TO CHARACTERIZE CARBON CONTENT OF GLACIAL TILL

CALCAREOUS SOILS OF NORTH CENTRAL MONTANA

Abstract

Diffuse reflectance spectroscopy (DRS) has been considered a potential surrogate
for traditional laboratory analyses used to characterize soils. Regression techniques, in
particular Partial Least Squares (PLS) analysis, are employed to develop calibration
models for predicting soil properties, including organic and inorganic soil C. It is
difficult to judge from current research whether DRS has the potential to replace
traditional laboratory protocols because studies lack independent model validation.
There is a lack of information regarding sample preparation as well as independent
validation of global vs. regional calibrations developed from visible-near infrared (Vis-
NIR, 400-2500 nm) spectra. In this study, I used PLS regression to predict soil organic
(SOC) and inorganic carbon (SIC) values with spectral data from the Vis-NIR region. A
dataset including 315 soil samples from six different sites in north central Montana was
used with 6-fold site-holdout to determine predictive accuracy of four different
preparation methods: in-situ field-moist core, air-dried core, oven-dried crushed and
sieved (< 2-mm) and oven-dried milled (< 200-um). The milled preparation gave the

most accurate predictions for soil organic C (SOC), with root mean squared deviation
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(RMSD)=1.64 ¢ kg'l, correlation coefficient (> = 0.78), and residual prediction
deviation (RPD) = 2.07. The sieved preparation gave the most accurate soil inorganic C
(SIC) predictions, with RMSD =2.81 g kg™, r* = 0.93, and RPD = 3.65. Water within In-
situ moist cores visually influenced spectral signatures as well as negatively affected
predictive accuracy; SOC predictive results provided RMSD = 2.89 g kg™, r* = 0.37, and
RPD = 1.20. Dried cores were more accurate providing a RMSD =2.76 g kg, r* = 0.42,
and RPD = 1.26. In-situ analysis did not prove analytical sufficiency for C predictions
but could meet semi-quantitative needs for certain applications. We inspected local
(individual validation site) vs. regional (6-farm dataset) vs. global (~4000 sample dataset
from 6 different continents) calibration models and found regional with local addition to
be the most successful means of predicting both SOC and SIC for our sample set.
Organic matter (SOM) spectral influences were qualitatively examined and found to be

relatively small in comparison to carbonate and water influences.
Introduction

Vis-NIR can provide rapid, inexpensive and non-destructive soil analysis (Dalal
and Henry, 1986; Sudduth and Hummel, 1993; Ben-Dor and Banin, 1995; McCarty et al.,
2002; Shepherd and Walsh, 2002; Dunn et al, 2002; Brown et al., 2005). Standard
laboratory procedures for measuring soil properties can be complex, time-consuming, and
expensive (Brown, 2005). Near infrared spectroscopy is known for its rapidity,

convenience, simplicity and for its ability to analyze many constituents simultaneously
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while producing no waste and leaving samples intact and chemically unaltered (Stark,
1986; Davies, 1987).

In-situ (in field) analysis is possible with a portable Vis-NIR spectrometer
increasing its convenience, but in-situ predictive abilities have not been established.
Sudduth and Hummel (1992) developed a field portable NIR spectrophotometer and
validated its accuracy to quantify SOM. Dalal and Henry (1986) examined multiple
linear regression predictions of SOC, N, and moisture from the spectra of coarsely
ground (<2 mm) vs. finely ground (< .25 mm) samples and found standard error of
prediction (SEP) higher for coarsely ground samples. Their results led them to claim that
the NIR prediction technique would be less reliable for in-situ samples. Twenty years
later, Waiser et al. (in review) found acceptable predictions for clay content using in-situ
measurement. More research in the area of sample preparation, including sample
homogeneity and moisture state, would be helpful to bring conclusion to the matter.

Vis-NIR advances are closely tied to new modeling techniques. Most of the
recent studies have focused on calibrating and validating models using PLS regression
with the intent of using spectral data to predict individual soil characteristics (Dunn et al.,
2002; McCarty et al., 2002; Islam et al., 2003; Brown et al., 2005). Partial Least Squares
regression is a multivariate calibration method that breaks down correlated spectral data
(X) and soil property data (Y) into a new smaller set of uncorrelated variables that best
describe all the variance in the data (Haaland and Thomas, 1988; Wold et al., 2001). In
development of a prediction model, it is necessary to calibrate the model with laboratory

data collected and then independently validate the model using soils that were not
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included in the calibration procedure. There has been an abundance of prediction models
developed with validation methods that are claimed to be independent (Dalal and Henry,
1986; Morra et al., 1991; Ben-Dor and Banin, 1995; Chang et al., 2001; Chang and Laird,
2002; Dunn et al., 2002; Islam et al., 2003), but selection process of the validation set has
been omitted. The selection process of validation sets that is included in most studies has
been a “random” selection procedure, which does not directly imply independence unless
spatial relationships are accounted for (Brown et al., 2005). As NIR analysis is based on
observations and laboratory processes, the validation stage is extremely critical (Ben-Dor
and Banin, 1995). Validation with an independent data set is a crucial part of this stage
(Brown et al., 2005) and so far, where much of the current research fails.

Calibration set characteristics and their influence over predictive accuracy have
been examined. These include calibration set size (Shepherd and Walsh, 2002), range of
characteristics (Morra et al., 1991), and geographical origin/applicability (i.e. regional vs.
global, Brown et al., 2006). It was determined that a larger calibration set gives more
accurate predictions, but a large range of values decreases predictive accuracy. Brown et
al. (2006) display semi-quantitative predictive accuracy of different soil characteristics
obtained with a large calibration set (~4000 samples) of international origin. Global,
regional and local predictions have not yet been compared in the same study.

Several research questions will be addressed in this study including

1.) Is it possible to develop a robust soil C prediction model for calcareous

glacial till soils of north central Montana using local, regional and
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global calibrations? If so, which calibration set develops the more
accurate prediction model?

2)) Can in-situ calibrations produce accurate predictions?

3) Are SOC predictions based on absorptions of SOM in the Vis-NIR
region or on other soil constituents such as carbonates, clay or Fe-
oxides?

These questions will be answered with spectral data from the Vis-NIR region with the

anticipation that overall predictive accuracy of this region can be evaluated for soil C.

Materials and Methods

The methods implemented in this study include collection and processing of soil
samples, collection and processing of spectral data, construction of calibration models
using local, regional and global spectral data, and independent validation of these models
using a reserved dataset (in this case, one field site). A flow chart displays an overview

of the sample presentation and modeling techniques used (Fig. 3.1).

Sampling Design

Study area and Core Selection. The study area consists of six farm sites located in

north central Montana, bounded by the towns of Great Falls, Shelby and Havre (Fig. 3.2).
The soils originated from glacial deposits that contain similar calcareous parent material
throughout the six sites (Montagne et al., 1982). Vegetation used to include short prairie

grasses but have been converted to wheat cropland. The sites are found within ustic
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moisture and frigid temperature regimes. Topography is gently rolling slopes, < 5% in

most cases.
Vis-NIR
Moistcore Drycore Crushed Milled
| | | |
1t demivalive spectral data
| 5
Boosted [ | Pa;?lila;esaﬂ
Regression Global + 5 .
) Regional Regression
Trees (BRT) Regional (PLS)
+0,1and 2 +0,1and 2
local cores local cores

Figure 3.1. An overview of sample presentation, calibration sets and modeling
techniques used in the study.

At each farm, a field of 32 ha was divided into four strips (8 ha) representing both
till and no-till as well as different crop rotation management schemes. Within each strip
four points were identified for sampling/monitoring of soil carbon changes over time
(part of the CASMGS, Consortium for Agricultural Soils Mitigation of Greenhouse
Gases, project). In total, there are 16 sampling points per farm, and at each point there
are five cores of 50-100 cm depth taken in a star shaped pattern. The star locations were

determined by landscape position, followed by digging soil pits to determine texture and
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depth to carbonates. Pits that met depth to carbonate and texture requirements were
chosen as core sampling locations. This sampling method was intended to build an
accurate representation of the field. Each core was drawn in September 2002 and was
divided into three depths: 0-10, 10-20, and 20-50 cm resulting in three samples per core.
Two cores per star location were dug to 100 cm depth (where possible) resulting in four

samples per core (one additional 50-100 cm sample).

® Graff

Shelby Chester
M
Scheuerman

kronebusch Havrs

Conrad

Doheny

— Fort Bentan

Gettel
Great Falls

" Raska

Figure 3.2. A map of Montana including the six sampling sites (identified by symbols
labeled with names of farm owners) in the north central “Golden Triangle”
region.
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In total, 480 cores were collected from the six farm sites and a 94-core subset was
selected for this study. The subset was built using the deepest of the five cores from each
designated star site. If there were equivalent core depths at each site, a core was chosen
randomly. The final subset therefore consisted of 315 individual soil samples. This

dataset is referred to as “Regional” throughout the study.

Additional Datasets. An additional regional dataset (known as “Regional2”)

consisting of 404 samples was included with the original dataset to assess effects of
calibration set size on predictive accuracy (Table 3.1). These samples also originated
from the Golden Triangle region of north central Montana, but from different farm sites
than the principal 315-sample dataset (see Brown et al., 2005 for complete sampling
description). The cores were collected and divided in September 2001, in the same
manner described above. Vis-NIR spectral reflectance data was collected using the same
equipment and procedure described below, after samples had been dried at 40 °C and
passed through a 2-mm sieve.

A “Global” dataset, consisting of 3794 and 4184 samples with SOC and SIC
measurements, respectively, was provided by the Natural Resources Conservation
Service (NRCS). The Global dataset includes Vis-NIR spectral reflectance data obtained
from air-dried, 2-mm sieved soils from six continents. This set was used along with the

Regional dataset to build a global calibration model.

Local Core Addition. Spectrally dissimilar cores from the site being validated

were added to the calibration set during the modeling procedures. These cores are
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referred to as “Local” cores or validation site cores. The spectral difference was
determined by a standardized Mahalanobis Distance (Eq. 1), computed with standardized
scores derived from principal components analysis (PCA). PCA was performed (S-
Plus® 6.0, Insightful Corp., Seattle, WA, USA) for each Crushed, Milled, Moistcore and
Drycore first derivative reflectance datum. Scores for the components explaining at least
90% of the variance (or for the first ten components, whichever provides scores of at least
10 components), were standardized to provide 7 for each sample. Standardized
component scores for samples from the five sites not related to the sample being analyzed

were averaged to give y, for each component. The Mahalanobis Distance was then
computed for each sample as:

Mahalanobis Distance: = /(7 — 7.) (1)

% is the individual sample standardized PCA score vector
Z. 1s the average standardized PCA score vector of remaining 5 sites

The sample with the greatest distance was considered the most spectrally dissimilar
sample. This sample along with the corresponding samples from its core, were all

removed from the validation set and added to the calibration set.

Sample Preparation.

Four methods of sample preparation including moist core, dry core, milled and 2-
mm sieved states were compared in this study (Fig. 3.3). The predictive accuracy as well
as the qualitative spectral influence of each preparation method was the basis of

comparison.
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Table 3.1 A descriptive table of datasets used in the study.

Dataset # of Samples Origin Preparation
3794 SOC and . . "
Global 4184 SIC 6 continents Sieved
. 6 independent sites .
Regional2 405 within NC Montana Sieved
6 different Moistcore,
Regional 315 independent sites  Drycore, Sieved

within NC Montana and Milled

0, 1 or 2 cores (0O- Moistcore,
Local ’ 8 samples) validation site Drycore, Sieved
P and Milled

* Carbon content determined by the Walkley Black method.

In-situ. Field-moist (“Moistcore”) and dried intact cores (“Drycore”) were
scanned in the laboratory to simulate in-situ analysis. Considering collection location (a
semi-arid region) as well as the late summer/early fall collection time, Moistcores had
moisture contents near dry. The moist cores were cut lengthwise and scanned at four

different points within each sample interval down the center of the core.

Sieved. After drying at 40 °C, each sample was passed through a 2-mm sieve to
remove rock fragments, surface plant litter, and coarse root material. This preparation

method is referred to as “Sieved”.

Milled. Approximately six grams of each crushed soil sample were milled to a

powdered homogeneous particle size (<200-um) for three minutes per sample using a
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ball mill (Pica Blender Mill Model 2601, Cianflone Scientific Instruments Corp.,

Pittsburg, PA). This preparation method is referred to as “Milled”.

Organic Matter Removal. Organic matter (SOM) was removed from Sieved

samples prior to spectral analysis by treating a 13-g sub-sample with 20-40 ml of Na-
hypochlorite. The treated sample was then placed in a 69 °C sonic water bath for 1 hr
followed by 2 hrs in a 70 °C oven. Water was added to samples as necessary to prevent
desiccation. Samples that appeared black after the initial Na-hypochlorite treatment were
allowed to settle and clear supernatant was removed, before repeating the treatment
again. After SOM had been removed, samples were rinsed four times with deionized
water using a centrifuge at 10,000 rpm (25 minutes) and dried overnight in a 70 °C oven.
After the rinsing and drying process, the soils were milled for three minutes to <200-um

using the ball mill described above.

Spectroscopy

Instrument. Samples with and without OM, and with different preparation
methods, were analyzed using diffuse reflectance spectral analysis. Vis-NIR spectral
reflectance scans were obtained with an ASD (Analytical Spectral Devices, Boulder, CO)
“Fieldspec Pro FR” spectroradiometer. This device measures visible reflectance from
350-700 nm as well as NIR reflectance from 700-2500 nm with a 2 nm sampling
resolution and spectral resolution of 3 nm at 700 nm and 10 nm at 1400 and 2100 nm.

One spectral signature resulting from ten internally averaged scans between 350 and 2500
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nm is recorded per “scan”. The laboratory instrument is equipped with a “mug lamp”
white light source. The Milled and Crushed samples were set on top of this mug lamp in
an optical borosilicate glass Petri dish (Duran®). The scans were calibrated using a
Spectralon ® white reference panel. Two scans were taken per sample, with a 90-degree

rotation in between each, and were then averaged to obtain a composite scan for each

sample.
* : )
Intact, Field-moist
cores
Crt & air-
dried
* .
Core segments, Dried
Crushed &
sieved
* - NaOC! -
< 2-mm fraction, | treatmen: | < 2-mm, without
“Crughed” SOM
Ball Mill Ball Mill
grinding grinding
* . *
Whole so1l SOM removed
powder, “Milled™ powder

Figure 3.3. Flow chart of different sample preparation methods used with stars
representing scanned presentations.

Core scanning. The ASD “contact probe” was used to obtain spectral data of

intact soil cores. The probe has a white light source and quartz-sapphire window that can
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be pressed against soil material. The probe connects to the Fieldspec Pro FR and spectral
signatures are recorded and averaged in the manner described above. Moistcores were cut
lengthwise and scanned at two different points within each sampling depth interval. Each
point was scanned twice with the contact probe, with a 90° rotation of the probe between
scans. Each set of four scans was averaged to compile a spectral representation of that
particular depth. Moistcores were then cut into depth intervals, oven-dried at 40 °C and

scanned again in the same fashion to obtain Drycore spectral data.

Spectral Pretreatment. Spectral pretreatment methods were applied according to

Brown et al. (2005). Cubic smoothing splines were fit to raw reflectance spectra using
“R” software (R Development Core Team, 2004). First and second derivatives were
taken of reflectance spectra to account for baseline effects (Duckworth, 1998). Second
derivative data results were less successful than first derivative results and were not
reported. Smoothed and transformed data were extracted at 10 nm intervals to ease data

handling.

Conventional Laboratory Analyses

Carbon. Total carbon (TC) content was measured in the laboratory through dry
combustion using a LECO C/N/S 2000 analyzer (LECO Corporation, St Joseph, MI,
USA). Milled samples were oven dried overnight at 70° C, and 0.2 g samples of each soil
were weighed out in preparation for this analysis. Additional pre-weighed 0.2 g samples

were treated with 1 ml of 1 M H3;POy, and then dried in a 70° C oven overnight prior to
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analysis. TC of the whole soil less TC of the acidified soil gives SOC content (assuming
acid removes all IC). Fifteen samples were chosen to obtain duplicate C measurements

for estimation of both SOC and SIC standard error of laboratory (SEL) measurements.

Particle Size Analysis. Particle size analysis was performed using the pipet

method (Gee and Bauder, 1986), with sodium hypochlorite (NaOCI) added to 10 g of
sieved samples to remove soil organic matter. After settling, the samples were wet sieved

at 53 um for sand content determination.

Mineralogy. Clay mineralogy was determined for a subset of samples using
oriented and powder mount x-ray diffraction (XRD) techniques (Whittig and Allardice,
1986). The subset included four samples, two surface and two subsurface samples,
chosen randomly from each site. The 24 clay samples were analyzed using Cu radiation
with a Siemens D5000 X-ray Diffractometer (XRD), located in the Image and Chemical
Analysis Laboratory on the Montana State University, Bozeman campus. X-ray
diffraction was performed for four treatments: (i) Mg-saturation, (ii) Mg-saturation and
solvation with glycerol, (ii1) K-saturation, and (iv) K-saturation with 550 °C heat
treatment. The clay solutions were mounted as oriented crystals on porous ceramic
plates. Oriented samples were step scanned from 3 to 14 degrees using 0.02° 2-theta step
increments at a rate of 2.5-3 deg/min with 0.48 second count times. Samples with a high
degree of noise were rescanned at 2 deg/min.

Peaks were recognized with Diffraction Management System Software

(DMSNT), version 1.37 (Scintag, Inc., now Thermo Electron Corporation, Waltham,
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MA). Background noise was removed and boxcar smoothing applied. Peaks were
identified manually and by automated selection through digital filtering. Ordinal classes
were assigned to each sample based on peak intensity using the National Soil Survey
Center (Lincoln, NE) six-class procedure where 0 indicates none present, 1 indicates a
peak intensity range of 1-110 A, 2 (110-360 A), 3 (360-1120 A), 4 (1120-1800 A), and 5

represents an intensity of greater than 1800 A.

Modeling: Local, Regional and Global

Partial Least Squares Regression

Model building was done using PLS-1 within Unscrambler 8.05 software (CAMO
PROCESS AS, Oslo, Norway). To build calibration models, partial least squares (PLS)
regression was used to quantify SOC and SIC content using Vis-NIR first derivative
reflectance data. The number of components chosen for each calibration model follows
the methodology of Brown et al. (2005). The strategy is based on visual examination of
the decrease in residual variance with each component determined through cross
validation of the calibration set. To avoid overfitting, the number of components chosen
is based on the point where the variance stops decreasing.

Calibration models were built around the six site subsets, using a 6-fold site-
holdout cross-validation method. For example, sites 2-6 were used to calibrate the model
that was then validated exclusively on site one. As each site is geographically
independent of the next, this calibration method provided for independent regional

validation, simulating predictions at a new site within the region. In a separate step, cores
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from the site being validated (referred to as “Local cores”) were added to calibration sets
to determine whether or not this improved the model’s prediction capabilities.

Regional + Local calibration models were constructed using: (i) the five sites
mentioned above, (ii) the five sites plus one Local core, and (iii) the five sites plus two
Local cores.

Regional2 calibration models were built with the same (i)-(iii) PLS model
building procedure used for local calibrations, except with the Regional2 dataset added to
each step.

Loadings are a measure of how much each predictor (X-variable) contributes to
explaining the response variation along each model component (Haaland and Thomas,
1988). The components that explain the most variability will be observed as more
influential to the model. Loadings from the most accurate SOC PLS calibration models

were observed to determine the influence of each wavelength within the SOC prediction

Boosted Regression Trees (BRT)

Global calibration models were built using stochastic gradient BRT modeling
with Treenet® (Salford Systems Inc., San Diego, CA, USA) after Brown et al. (2006). A
maximum of 800 trees was specified, with 6 nodes per tree. Two blocks of models were
run, both included the focal 315-sample set + 1 and + 2 Local cores. The first block
included the Global dataset in addition to the Regional dataset with Local additions and

the second block included the Global with the Regional2 dataset with Local additions.
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Predictive Statistics.

Predicted and measured values from the modeling procedures listed above were

compared using the following statistics taken after Brown et al. (2005):

MSD = Zn (Ypred - Ymeas

Mean Square Deviation: N (2)
Root Mean Square Deviation: RMSD = +/MSD 3)
Standard Error of Prediction: SEP = RMSD x (NN ) 4)

Residual Prediction Deviation: RPD = (Standard Deviation of Y4 )/SEP (5)

r’ = square correlation (6)
Y, g — Y
BiaS _ Zn( prerli\l meas) (7)

Principal Components Analysis.

First derivative reflectance data for all sample preparation methods were plotted
in principal component space (S-Plus® 6.0, Insightful Corp., Seattle, WA, USA) to
identify spectral patterns and the most spectrally dissimilar samples (Shepherd and
Walsh, 2002; Brown et al., 2005a). The components explaining 90% of the variance
were plotted in scatterplot matrix format. Crushed preparation gave the most distinct

pattern so it was focused on.
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Continuum Removal.

Continuum removal was performed according to Clark (1999) on reflectance data
of crushed samples in the region from 2300-2350 nm to obtain carbonate band depths for
each sample. Continuum is background absorption consistent throughout the soil spectral
signature and was removed to determine the depth of the feature due to the carbonate
content rather than background influences. A linear fit between the two endpoints of the
absorption feature was removed from the band depth of the feature at 10 nm intervals to
determine band depth using the following equation

D=1-(RyR.) (8)
where Ry, is the reflectance at the band bottom and R. is the reflectance at the continuum
(Clark and Roush, 1984).

According to Clark (1999), the region from 2300-2350 nm is the CaCOjs first
overtone absorption region as well as the most distinct carbonate feature in the Vis-NIR
region. Multiple linear regression was applied to the resulting band depths for all 315
local samples, using band depth as a predictor variable and SIC content as the response.
Band depth was plotted in this region by ordinal SIC content groups to determine if there

was a visual correlation between SIC content and band depth in this region.

Results

Soil Carbon and Texture Data

The distribution of SOC, SIC and texture among sites can be viewed in Table 3.2.

Site 2 exhibits the highest average SOC and SIC contents, with average SOC at 12.28 and
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average SIC at 24.15 g kg™, Overall, C contents are relatively low and evenly distributed

throughout the six sites. SOC contents are evenly spread except that sites 2, 4 and 5

include a few samples with higher SOC than the other 3 sites. Site 2 is more calcareous

than the other sites and includes five extreme samples that increase the spread of the

dataset. This range of C content should add to the robustness of the model, including a

wider range of C values that can be predicted. Overall, sand and clay contents are

relatively evenly distributed with site 5 containing the most clay and site 6 containing the

most sand on average. From the 15 replicated samples, SEL measurements for the

combustion method were found to be 0.27 g kg™ for SOC and 0.34 g kg™ for SIC.

Table 3.2: Descriptive statistics for the six sites

Property (g kg')  Statistic Site 1 Site 2 Site 3 Site 4 Site 5 Site 6
Min: 4.1 7.5 35 6.4 4.9 3.8

SOC Max: 12.5 18.9 13.5 17.2 19.1 10.8
Mean: 7.6 12.3 7.8 11.2 10.6 7.0
Min: 0.0 1.8 0.0 0.0 0.2 0.0

SIC Max: 155 72.5 22.9 18.0 14.2 19.3
Mean: 7.1 24.1 9.6 3.5 6.2 5.3
Min: 311.8 212.8 168.0 174.4 296.8 180.6

Clay Max: 574.5 519.2 374.5 497.5 710.4 344.5
Mean: 443.9 343.6 266.0 338.6 558.1 251.0
Min: 135.2 102.0 167.9 127.2 100.0 214.7

Sand Max: 444.9 369.5 634.6 515.9 232.9 510.6
Mean: 279.6 193.0 385.9 344.0 144.4 397.0
N: 51 48 57 48 59 52

Mineralogy

Oriented clay mounts displayed mixed clay mineralogy including moderate

amounts of vermiculite, smectites, micas and kaolinite within each site. Powder mount

analysis displayed major peaks at 3.4 (quartz) and 3.1 (feldspar) d-spacing. There was
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also a large unidentifiable peak shown at approximately 1.83 d-spacing for a sample from

site 5.

Prediction Results

Regional Calibration Model Validation. The most accurate SOC calibration

validations were derived from Milled preparation, plus two Local cores, providing a
RMSD of 1.64 g kg, r* of 0.78, and RPD of 2.07 (Table 3.4; Fig. 3.4). Standard error of
prediction was 1.4 g kg™ (Table 3.3). The most accurate SIC results came from Sieved
preparation, with two Local cores added, providing a RMSD of 2.81 g kg™, r* of 0.93,
and RPD of 3.65 (Table 3.6; Fig. 3.5). Standard error of prediction was 2.8 g kg™ (Table
3.5). Milled sample SIC results gave a fair r* value at 0.87 but RMSD was higher at 4.00
g kg'. SEP comparisons display Local Sieved and Milled predictions as the most
accurate (Tables 3.5 and 3.6). Calibration statistics for the most accurate models are
presented in Table 3.7.

Table 3.3: SEP results from Local and Regional validations of calibrations
developed with four different preparation methods.

Soil Organic Carbon SEP values (g kg-1)

# of Sample Preparation Methods
Local
Cores  Moistcore  Drycore Sieved Milled
0 3.60 3.40 3.13 2.03
1 3.28 3.00 2.45 1.91

2 2.90 2.77 2.16 1.65
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Table 3.4: PLS validation statistics for Regional and Local organic C calibration
models developed using soils in four different preparation states.

Soil Organic Carbon

local

Sample cores RMSD
Preparation | added (g kg™) r? RPD
0 3.59 0.15 0.96
Moistcore 1 3.27 0.24 1.06
2 2.89 0.37 1.20
0 3.39 0.27 1.01
Drycore 1 2.99 0.36 1.16
2 2.76 0.42 1.26
0 3.12 0.28 1.10
Crushed 1 2.45 0.53 1.41
2 2.15 0.61 1.59
0 2.02 0.66 1.70
Milled 1 1.90 0.70 1.80
2 1.64 0.78 2.07

Table 3.5: SEP results from Local and Regional validations of calibrations
developed with four different preparation methods.

Soail Inorganic Carbon SEP values (g kg-1)

# of Sample Preparation Methods
Local
Cores Moistcore Drycore Sieved Milled
0 9.41 7.39 6.34 7.72
1 6.96 5.42 4.02 6.86

2 6.17 5.13 2.82 4.01
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Table 3.6: PLS validation statistics for Regional and Local inorganic C
calibration models developed using soils in four different preparation
states.

Soil Inorganic Carbon

local

Sample cores RMSD
Preparation added (gkg™ r* RPD
0 737 058 147
Moistcore 1 540 0.77 1.98
2 511 0.78 2.05
0 6.18 075 1.75
Drycore 1 6.21 075 1.72
2 596 075 1.76
0 6.32 074 171
Crushed 1 401 089 267
2 281 093 365
0 7.70 0.57 1.41
Milled 1 6.83 0.63 1.56
2 400 087 255

Table 3.7: Calibration statistics for Local SOC and SIC models.

Most Accurate RMSD
Variable | Calibration Model (g kg™) r? RPD

SOC Milled + 2 cores 1.01 0.90 3.41
SIC Crushed + 2 cores 2.67 0.94 4.11
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Local Core Addition. Prediction results were improved for all sample preparation
methods with the addition of one or two validation site cores to the calibration set. For
SOC predictions with Sieved preparation, RMSD = 3.12 g kg™', = 0.28, and RPD = 1.10
without the addition of Local cores. After the addition of two cores, results improved to
RMSD =2.15 gkg”, 1*=0.61, and RPD = 1.59. After the addition of two Local cores to
SIC Moistcore Regional calibrations, validation RMSD decreased from 9.38 to 6.14 g

kg™, 1* increased from 0.27 to 0.67 and RPD increased from 1.15 to 1.71.

In-Situ Local Calibration Model Validation. Moistcore and Drycore preparation

methods gave less accurate PLS validation results than the other preparation methods,
with Moistcore being the least accurate. Moist- and Drycore SOC prediction results, with
the addition of two Local cores, included RMSD values of 2.89 and 2.76 g kg™' and r*
values ranging from 0.37 and 0.42, respectively. For SIC predictions, RMSD values
were higher, with 6.14 g kg-1 for Moist- and 5.11 for Drycore, 1* of 0.67 for Moist- and

0.78 for Drycore, and RPD of 1.71 for Moist- and 2.05 for Drycore.

Regional2 Calibration Model Validation. Increasing the calibration data set with

the Regional2 dataset did not appear to improve Regional SOC or SIC PLS validation
results as much as the addition of two Local cores did. Organic C predictions, using the
Sieved Regional + 2 Local cores + Regional2, gave RMSD = 2.26 g kg, r* = 0.57 and
RPD = 1.51. These results are less accurate than the Sieved validation results using

Regional + Local calibrations. SIC prediction accuracy decreased with an additional
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local dataset giving RMSD of 3.43 g kg™, 1> of 0.90, and RPD of 2.99, which was not as

accurate as the immediate Regional + two Local core calibration model results.

Global Calibration Model Validation. Global BRT calibration validation results

do not show improvement over PLS Regional + Local calibration validation results
(Tables 3.8 and 3.9). Global calibration validations, without Local core addition, are
generally more accurate than their PLS counterparts. For all preparation methods, adding
cores to a global calibration set from the site to be predicted does not significantly
increase accuracy whereas in the PLS Regional modeling procedure, adding Local cores
makes a noteworthy improvement resulting in more accurate final predictions (Figs. 3.6
and 3.7). The most accurate Global SOC validation results were from Milled spectra
calibration without the addition of Local cores, providing a RMSD of 2.20 g kg, r* of
0.60, and RPD of 1.56. The most accurate Global SIC validation results were from
Sieved spectra calibration without the addition of Local cores, giving a RMSD 0f 4.0 g

kg, 1> 0f 0.88, and RPD of 2.71.
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Table 3.8: Global calibration validation statistics for organic C from models
developed using four different sample preparations.

Soil Organic Carbon

Local
cores RMSD
added (gkg?) r* RPD
Global + 0 3.63 0.04 0.91
Moistcore 1 3.20 0.18 1.05
2 3.13 0.19 1.08
0 4.06 0.14 0.85
Global + 1 3.41 0.26 1.01
Drycore
2 3.48 0.24 1.00
0 2.74 0.43 1.25
Global +
Crushed 1 2.68 0.42 1.29
2 2.51 0.48 1.37
Global + 0 2.20 0.60 1.56
Milled 1 2.24 0.59 1.53
2 2.21 0.59 1.53

Table 3.9: Global calibration validation statistics for inorganic C from models
developed using four different sample preparations.

Soil Inorganic Carbon

Local
cores RMSD
added (g kg-l) r2 RPD
Global + 0 1056 0.18 1.07
Moistcore 1 830 045 1.34
2 760 051 1.43
0 6.18 075 1.75
Global + 1 6.21 0.75 1.72
Drycore
2 5.96 0.75 1.76
0 4.00 0.88 2.71
Global +
Crushed 1 401 087 267
2 3.96 0.86 2.59
Global + 0 473 0.86 2.29
Milled 1 433 0.89 246
2 4.29 0.86 2.38
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Figure 3.6. RPD values for organic C validations of Regional and Local calibrations
developed from 4 different sample preparations in comparison to Global and
Global + Local calibration validations in 4 different preparations.
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Figure 3.7. RPD values for inorganic C validations of Regional and Local calibrations
developed from 4 different sample preparations in comparison to Global and
Global + Local calibration validations in 4 different preparations.
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When the Regional2 dataset was added to the Global + Regional calibration
model, results were not improved from the Global + Regional validations or from PLS-
Regional validations (Tables 3.10 and 3.11). The most accurate Global + Regional +
Regional2 SOC validations resulted from Milled soils with 2 Local cores added, with
RMSD of 2.37 g kg™, r* of 0.53 and RPD of 1.43. The most accurate SIC predictions
resulted from Sieved soils without Local core addition, giving RMSD of 4.02 g kg™, 1* of

0.87, and RPD of 2.69.

Table 3.10: Validation statistics from Global + Regional + Regional2 calibrations for

organic C.
Soil Organic Carbon
Local

cores RMSD
added (g kg?) r? RPD
Gl_obal + 0 3.53 0.09 0.94
Regional2 + 1 322 016 1.05
Moistcore 2 3.16 0.21 1.07
Global + 0 359 020 0.96
Regional2 + 1 3.62 0.19 0.95
Drycore 2 3.43 0.26 1.01
Global + 0 248 049 1.38
Regional2 + 1 2.43 0.52 1.42
Crushed 2 235 053 1.45
Global + 0 242 052 142
Regic_)naIZ + 1 239 053 143
Milled 2 237 053 1.43
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Table 3.11: Validation statistics from Global + Regional + Local calibrations for
inorganic C.

Soil Inorganic Carbon

Local

cores RMSD
added (gkg?) r? RPD
Glpbal + 0 983 026 1.15
Reg!onaIZ + 1 825 045 134
Moistcore 2 770 050 1.41
Global + 0 590 0.77 1.83
Regional2 + 1 6.03 075 1.77
Drycore 2 580 0.75 1.81
Global + 0 4.02 0.87 2.69
Regional2 + 1 411 087 2.60
Crushed 2 397 0.86 258
Global + 0 487 085 222
Regional2 + 1 464 0.85 2.30
Milled 2 438 086 2.33

PLS SOC Loadings

Loadings were determined for the Milled + 2 Local cores SOC calibration model
and the weighted average of these loadings is displayed in Fig. 3.8. The first component
explained 55% of the variability and its highest loadings are within the visible region as
well as at 1900 nm. The weighted average of the first ten components shows the highest

peaks at 2360, 1900, 2020, 2180, 1400-1430, and at 530 nm.
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Figure 3.8. Loadings of the SOC calibration model developed with Milled

sample presentation with each line representing components that
explain the presented percentage of variability.

Principal Component Analysis

All plots were similar in nature, showing the same six outlying samples from Site
2 as well as the same three outlying samples from Site 5 and one Site 1 outlier (Fig. 3.9;
for clarity, only the first 6 components are displayed). The spectra, carbon content and
texture were checked for each sample; in all Site 2 cases, these samples contained higher
SIC content than other samples. For Sites 5 and 1, these samples were from a greater
depth (close to 1 m) than the other samples; this influences soil composition due to a lack

of terrestrial ecosystem influences (weather, leaching, organic matter, etc.). Aside from
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outliers, another point of interest within the PCA diagram was the spectral influence by
location. Samples were generally grouped together according to site more than for any

other soil characteristic.
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Figure 3.9. Scatterplot matrix diagram showing the first six principal components
explaining 75% of the variability of the spectral response of the
“Crushed” sample preparation method.

Preparation Methods

Three samples were compared spectrally with four different preparation methods

(Figs. 3.10-3.12). Samples included were: sample 2 - holding the highest SIC content
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(SIC =725 gkg", SOC =9 gkg™), sample 4 - no SIC content but relatively high SOC
content (SIC =0, SOC = 17.2 g kg™), and sample 5 — containing the highest SOC content
(SIC=1gkg", SOC=19.1 gkg"). These samples were qualitatively examined
together to decipher spectral influences due to CaCO3 and SOM content as well as to
determine the effect sample preparation has on different sample types.

Sample 2 stood out as the most spectrally unique as a result of CaCOj influences
(Fig. 3.10). The three samples chosen for comparison all held structural water and OH
absorptions at 1400 and 1900 nm, as is stated in the literature (Hale and Quarry, 1973;
Baumgardner, 1985; Ben-Dor and Banin, 1995; Workman, 1998; Clark, 1999). Another
absorption shared by all three samples was at 2290 nm, which is interpreted to be due to
clay/Al-OH stretching (Clark, 1999). In the visible region, sample 2 held the same
reflectance features but higher reflectance values overall due to carbonate content. At
2360 nm, there is a large peak only for sample 2 while the other two samples only show
relatively small absorptions.

The Moistcore preparation technique appeared the most spectrally unique as a
result of water spectral influences. The most pronounced OH and H,O absorbance
features can be found at approximately 1400 and 1900 nm. Reflectance peaks at
approximately 1500 and 2100 nm along with an absorbance trough at 1750 nm
correspond to features in the spectra that have shifted to higher wavelengths due to water
influences. The Milled preparation method appears to be the most visibly distinguished
in the visible range of the spectrum, showing much higher reflectance than other

methods.
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Figure 3.10.  First derivative spectra of sample 2 (highest SIC content) in
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SIC) in four different preparations.
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Figure 3.12.  First derivative reflectance spectra of sample 5 (highest SOC
content) in four different preparations.

Organic Matter Removal

Spectra of the same three samples with and without organic matter are plotted
together and for visual comparison (Fig. 3.13). First derivative spectral signatures
beyond 1000 nm are overlapping for samples with and without SOM; therefore, only
reflectance spectra are displayed. Sample 2 has the highest SIC content, sample 4 has no
SIC content and relatively high SOC content, and sample 5 has the highest SOC content.
The most apparent difference displayed is higher reflectance by all samples after SOM
has been removed.

Reflectance difference between samples with and without organic matter showed
the largest difference in the visible region. Through grouping difference values by SOC
content (Fig. 3.14), I was expecting to find the largest difference in spectral reflectance

corresponding with greatest SOC content within areas of the spectrum pertinent to SOM
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constituent signatures. The most influential place where this occurs is in the visible
portion. More difference is observed here with higher SOC content groups. In the
remainder of the spectrum, there isn’t as much change. The correlation analysis shows

the same results with highest correlation at 630 nm (Fig. 3.15).
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Figure 3.13. Reflectance spectra of three samples with and without organic
matter.
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Figure 3.15. Correlation between spectral reflectance of samples with and
without organic matter and SOC content.
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Continuum Removal

Continuum removal analysis showed correlation between SIC and continuum
removed spectra from 2300-2350 nm. Multiple linear regression results gave an r* value
of 0.83. Continuum removed spectra averaged by ordinal SIC content groups displays

consistency between SIC content and band depth (Fig. 3.16).
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Figure 3.16. Continuum removed spectra from 2300-2350 nm by average SIC
content groups.
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Discussion

Prediction Results

Based on r* and RPD values, SOC predictions are less accurate than SIC
predictions. This is a result of the small range of SOC content in our sample set. This
smaller range also explains the lower RMSD values resulting from organic C predictions.
Inorganic C has a greater range of values within this sample set, thereby increasing r°,
RPD and RMSD values. But, SOC prediction results do show lower RPD and SEP
values thereby displaying more accurate predictions overall as a result of this small SOC
content spread.

PLS prediction results exhibit Milled and Sieved as the most successful
preparation methods for SOC and SIC predictions, respectively. The plots of different
preparation methods (Figs. 3.10- 3.12) show the major difference between Sieved and
Milled spectra in the visible region, which influences SOC predictive success. Particle
coatings can dominate reflectance spectra (Clark, 1999); milling soils will disperse
particle coatings thereby negatively influencing carbonate spectral signatures as well as
SIC predictions.

In-situ simulated predictions, both dry and field-moist, proved to be less
successful than in-vitro preparation methods. Organic C predictions gave low r* and
RPD values, without much of a difference between moisture contents after the addition of
two Local cores. RMSD values were all under 3.75 but with low r* and RPD values,

SOC in-situ predictions can be classified as semi-quantitative. Inorganic C results
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showed a stronger correlation between predicted and measured values but exhibited
higher RMSD values (> 5.0), indicating some imprecision. After the addition of two
Local cores, moisture content does not appear to influence predictive accuracy very
much. These SIC in-situ prediction results are quantitative and indicate potential for
effective application to on-site measurements.

Increasing the calibration set size with additional regional and global samples did
improve predictive accuracy, though not as much as the addition of Local cores did. It
can be interpreted that the most influential factor for prediction of this particular dataset
is the inclusion of one or two extreme Local samples, rather than increasing the
calibration set size with similar soil samples (Regional2) or adding a large amount of
diverse samples. “Quality not quantity” applies here. Shepherd and Walsh (2002)
conveyed more accurate predictions from larger calibration sets while examining
calibrations made up from spectral data of highly weathered African soils. The soils
analyzed in my study are relatively young, explaining more accuracy from site-specific
calibrations rather than from increasing the calibration set size. If Local core additions
are not available, the Global calibration appears to lead to most accurate predictions

The most accurate SOC and SIC Local PLS predictions gave SEP values
conveying predictive potential comparable to laboratory accuracy when compared to
carbon SEL values. Though SEP values for the PLS prediction method were more than
triple the SEL values in this analysis, they still were less than 3 g kg™ for both SOC and

SIC, thereby displaying predictive potential.
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Principal Component Analysis

PCA results show that the dominating influence on spectral similarity is
immediate location or field. Though the samples are taken from six different sites within
one physiographic region, samples were grouped to an extent by site. This conveys the
importance of sample location when constructing calibrations for relatively young

calcareous soils as the locality influence can affect model robustness.

Spectral Interpretation

After visually inspecting three samples, the four different preparation techniques
appeared comparable showing the same major features within the Vis-NIR portion of the
spectrum. Moisture and particle size seemed to be the most influential factors. In the
scanning of field-moist cores, water influences the spectral signature significantly, which
could explain the less successful prediction results. Milled sample reflectance features
appear more distinct due to smaller sample particle size, which has been found to
increase reflectance (Clark, 1999). Aggregate size difference between Sieved and
Drycore does not appear to visually influence spectra that much, though predictive
accuracy conveys a different message. Although spectral signatures follow each other

consistently, predictions were less accurate all around for Drycore spectra calibrations.

Organic Matter Qualitative Interpretation

Difference between spectra with and without organic matter showed the greatest
reflectance difference in the visible region. The highest correlation between the spectral

difference of soils with and without SOM and SOC was also found in the visible region.
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And finally, some of the higher PLS loadings were given within the visible region as
well. According to Workman (1998), the region from 800-1000 nm is sensitive to
organic third overtones. We might expect soils with organic matter to be more absorbing
here except for the fact that third overtones are very difficult to distinguish, especially in
spectra of soil in its entirety. As organic constituents are diluted within the soil matrix,
these third overtone features are nearly impossible to decipher. There are iron oxide
absorptions in this region at 870 and 1000 nm (Baumgardner et al., 1985), though very
broad and non-distinct. A key finding here is that SOM correlation to the visible region

can be explained by electronic absorptions of organic constituents rather than vibrational.

PLS Loadings

The strongest loadings within the visible region are explained by the color
darkening effect of SOM on soils (Baumgardner, 1985) as well as the electronic
absorptions explained above. The weight given to the 1900 nm band is related to
structural water content (Clark et al., 1990), which would be relevant to clay content.

The features at 2020 and 2180 nm are both organic stretching regions. At 2350 there is a
distinct humic acid absorption (Chang et al., 2002) although this is most likely undetected
behind more distinct carbonate absorptions at 2350 nm. This conveys indirect correlation
between SOC predictions and carbonate content. At 2460 there is an aromatic CH
absorption (Weyer and Lo, 2002). This loading weight analysis provides relevant
information proving that there is indeed a relation between the spectral information and

SOM.
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Continuum Removal

Continuum removal analysis displayed a relation between band depth, or
absorption, and particular soil constituents. Both the quantitative (regression) as well as
the qualitative showed correlation between SIC content and band depth of this particular
feature. The order of ordinal SIC content groups (Fig. 3.16) provides a visual of
increasing band depth with increasing SIC content. Although the band depths appear
consistent, a lower multiple regression r* value (< 0.90) could be a result of other
influences in this region, including several organic absorptions between 2300-2350 nm

(Elvidge, 1990; Workman, 1998; Chang et al., 2002).

Conclusions

The results of this study suggest that previous publications have presented over-
optimistic interpretations of C predictive accuracy by Vis-NIR PLS methods. Studies
claim “independent” validation while using a random selection procedure, forgetting to
take spatial correlation into account. With accurate results for glacial till soil calibrations
and a completely independent site-by-site validation process, Vis-NIR analysis shows
potential for quantitative analyses of soil C. The results display that future application to
young calcareous soils would obtain most accurate predictions using a regional
calibration set in conjunction with spectrally diverse samples from the site to be
predicted. In-situ analysis of soil C showed potential for semi-quantitative analysis of
these complex soils; it is possible that investigation of other soil characteristics or

perhaps another soil dataset could lead to more successful predictions. For soil C



69

predictions with this particular dataset, in-vitro analysis produced more predictive
accuracy than in-situ methods.

Mixed mineralogy as well as a calcareous parent material gave this particular
dataset a localized spectral fingerprint. Regional + Local calibrations proved to be the
most successful method of prediction for these soils over Regional and Global. The
addition of a limited number of samples from the validation site enhanced predictions
using a regional calibration and could lead to accurate predictions of similar soils from
new sites.

Vibrational absorptions within Vis-NIR soil spectra have been thought to be the
major influence due to SOM. Within this study, electronic absorptions were found to be
the key absorptions due to SOM content. The spectral difference between soils with and
without SOM was most correlated to SOC content at 630 nm. Loadings from PLS SOC
calibration models were also high within the visible region of the spectra. Future
investigations focused on spectral features due to organic constituents should focus
within this region of the spectra as opposed to further along, where vibrational

absorptions occur.
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CHAPTER 4

MID-INFRARED DIFFUSE REFLECTANCE SPECTROSCOPY FOR
CHARACTERIZATION OF GLACIAL TILL CALCAREOUS SOILS FROM NORTH

CENTRAL MONTANA

Abstract

Diffuse Reflectance Spectroscopy (DRS) is a rapid and relatively inexpensive
means of quantifying soil carbon (C). In this study, the mid-infrared region (MIR, 4000-
600 cm™) and Partial least squares (PLS) regression were used together to determine soil
organic C (SOC) and soil inorganic C (SIC) content of calcareous glacial till soils from
north central Montana. A set of 315 samples from depths of 0-10, 10-20, 20-50 and 50-
100 cm, was collected from six independent farm sites. SOC contents ranged from 3.5 to
19.29 g kg™ and SIC contents ranged from 0 to 72.29 g kg™'. PLS regression with with 6-
fold site-holdout was used to determine predictive accuracy of KBr-diluted and neat
samples, as well as different spectral transformations, including Kubelka Munk (KM),
first derivative (D) and absorbance (AB). Regional vs. local calibrations were compared
by addition of spectrally dissimilar cores from the validation site to the regional
calibration model. The most accurate SOC prediction results were found using first
derivative transformation with the addition of two local cores providing a root mean
squared deviation (RMSD) of 1.3 g kg™, a coefficient of determination (1*) of 0.86, and a

residual prediction deviation (RPD) of 2.61. The most accurate SIC prediction results
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were found with KM transformation with the addition of two local cores providing a
RMSD of 1.95 g kg, r* 0f 0.96, and RPD of 5.07. The addition of local cores improved
predictive accuracy for neat samples with neat + local cores consistently emerging as
more accurate predictions than KBr-diluted sample predictions. Qualitative analysis of
KBr-diluted and undiluted spectra showed different absorption features between the two,

particularly involving soil organic matter (SOM), carbonates and clay absorptions.

Introduction

Knowledge and quantification of the global carbon cycle within the pedosphere
has become important as it acts as an atmospheric carbon sink and/or source within the
global carbon budget. Evidence points to soils as a net source of atmospheric CO; as a
result of land use change and agricultural activities over the past 200 years (Post, 2001).
Slight increases or decreases in the net flux of CO; from soils may have a measurable
bearing on atmospheric CO; levels (Amundson, 2001) and different land management
techniques can easily alter this flux (Post, 2001). For these reasons, a robust and efficient
protocol for monitoring soil C is needed (Post, 2001).

Diffuse reflectance spectroscopy (DRS) provides a rapid and inexpensive method
of soil characterization and has been applied using both the visible to near infrared (Vis-
NIR, 25000-4000 cm™) and MIR (4000-400 cm™") portions of the electromagnetic
spectrum. Chemometrics are applied to MIR spectroscopy, usually by multivariate
analysis techniques such as PLS regression, to develop a means of quantifying soil

characteristics (McCarty et al., 2002). Though there have been many MIR-PLS results
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published (Janik and Skjemstad, 1995; Janik et al., 1998; Rumpel et al., 2001; Bertrand et
al., 2002; Reeves et al., 2002; Siebelec et al., 2004; Madari et al., 2005), none report
independent validation. This leads us to question whether these models could be applied
to soils outside of the calibration dataset, which is an important goal of model
development (Brown et al., 2005). Spatially independent validation is required (Brown et
al., 2005) and is lacking in the reported studies.

In previous studies, the MIR region has yielded more accurate PLS calibrations
than the Vis-NIR region (McCarty et al., 2002; Reeves et al., 2002; Siebelec et al., 2004;
Madari et al., 2005; Viscarra Rossel et al., 2006); in addition, the McCarty et al. (2002)
study used independent validation by site to obtain more accurate C predictions from the
MIR region. It has been hypothesized that predictive abilities result from the spectral
features found in each region (Janik et al., 1998; McCarty et al., 2002); the MIR portion
includes fundamental molecular absorptions as opposed to the less distinct second and
third overtone absorptions found in the Vis-NIR portion (McCarty et al., 2002), which
could explain more accurate predictions. Yet, with only one study utilizing independent
validation for comparison, it is difficult to interpret applicability of these models as well
as the efficiency and accuracy of the DRS method.

Specular reflection can distort or even invert (Reststrahlen effect) strong
fundamental absorptions found in the MIR region (Nguyen et al., 1991; Perkins, 1993;
Janik, 1998) unless samples are diluted with KBr. KBr is extremely hygroscopic and
moisture contamination can alter spectral features, as can the physical pellet forming

process (Baes and Bloom, 1989). Because of the inconvenience and problems associated
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with the KBr sample dilution, neat sample spectral analysis has been investigated and
determined qualitatively comparable (Nguyen, 1991; Reeves, 2003). Since these
findings, neat sample presentation has been used regularly (Janik and Skjemstad, 1995;
McCarty et al., 2002; Viscarra Rossel et al., 2006), but predictive capabilities of neat soil
samples vs. diluted soil samples have not been thoroughly examined as of yet. Bertrand
et al. (2002) looked at calibration results and found undiluted calibrations more accurate
for certain constituents, and less accurate for others. In particular, SOC calibrations were
more accurate for KBr-diluted samples but SIC calibrations were equivalent for both
preparation methods. Further investigation is needed on the effects of sample dilution on
predictive capabilities, particularly within independent predictions.

Spectral pretreatments most commonly used include: baseline correction, first and
second derivatives, mean centering and Kubelka-Munk (KM) transformations.
Oftentimes, pretreatment methods are mentioned but not discussed in detail (McCarty et
al., 2002; Reeves et al., 2002; Siebelec et al, 2004; Madari et al., 2005). The KM
transformation is applied to derive a linear relation between reflectance and analyte
concentration. It is also discussed in the literature as a method to reduce diffuse
scattering of soil (Coates, 1998; Workman, 2004) but has been claimed to reduce
predictive accuracy of forages (Reeves and Reeves, 2002). Predictive accuracy of
various soil constituents should be affected differently by assorted spectral
transformations as they encompass a range of objectives. To my knowledge, the effects
of spectral pretreatments on MIR-PLS modeling, including the KM transformation, have

not been systematically studied or reported in the published soils literature thus far.
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Several research questions will be addressed in this study including

1.) Is it possible to develop a robust soil C prediction model for calcareous glacial
till soils of north central Montana using local and regional MIR calibrations?
If so, which calibration set develops the more accurate prediction model?

2.) Can KBr-diluted calibrations produce accurate predictions? Does KBr
dilution reduce specular reflection?

3.) Are SOC predictions based on absorptions of SOM in the MIR region or on
other soil constituents such as carbonates, clay or Fe-oxides?

These questions will be answered with spectral data from the MIR region with the

anticipation that overall predictive accuracy of this region can be evaluated for soil C.

Materials and Methods

The methods implemented in this study begin with the collection and processing
of soil samples, with and without KBr dilution, as well as the collection and processing of
spectral data, including three different spectral pretreatments. Construction of calibration
models involved local and regional spectral data, from both diluted and undiluted
samples, with different spectral pretreatments. The models were all independently
validated using a reserved dataset (in this case, one field site). A flow chart displays an

overview of the sample preparations and spectral pretreatments used (Fig. 4.1).
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Figure 4.1. An overview of sample preparation, spectral pretreatments, calibration sets
and the modeling technique used in the study.

Sampling Design

Study area and Core Selection. Six farm sites located in north central Montana,
bounded by the towns of Great Falls, Shelby and Havre (Fig. 4.2), were used as the study
area. The soils of these six sites all have originated from glacial deposits that contain
similar calcareous parent material (Montagne et al., 1982). The sites are found within

ustic moisture and frigid temperature regimes and formerly grew prairie grass but now
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have all been converted to wheat cropland. Topography is gently rolling slopes, < 5% in

most cases.

* Graff

Shelby Chester

Kronebusch

Ooheny

{— Fort Benton

Great Falls
- Raska

Figure 4.2. A map of Montana including the six sampling sites (identified by symbols
labeled with names of farm owners) in the north central “Golden Triangle”
region.

At each farm, a field of 32 ha was divided into four segments (8 ha) representing
both till and no-till as well as different crop rotation management schemes. Within each
segments four points were identified for sampling/monitoring of soil carbon changes over
time (part of the CASMGS, Consortium for Agricultural Soils Mitigation of Greenhouse

Gases, project). In total, there are 16 sampling points per farm, and at each point there

are five cores of 50-100 cm depth taken in a star shaped pattern. The star locations were



81

determined by landscape position, followed by digging soil pits to determine texture and
depth to carbonates. Pits that met depth to carbonate and texture requirements were
chosen as core sampling locations. This sampling method was intended to build an
accurate representation of the field. Each core was drawn in September 2002 and was
divided into three depths: 0-10, 10-20, and 20-50 cm resulting in three samples per core.
Two cores per star location were dug to 100 cm depth (where possible) resulting in four
samples per core (one additional 50-100 cm sample).

In the end, 480 cores were amassed and a 94-core subset was chosen from them.
This subset was constructed with the deepest of the five cores from each designated star
site. If there were equivalent core depths at each site, a core was chosen randomly. The
final subset consisted of 315 individual soil samples and is referred to as the “Regional”

set throughout the study.

Sample Preparation

Four methods of sample preparation were compared in this study: KBr-diluted
with SOM, KBr-diluted without SOM, neat (as is) with SOM and neat without SOM.
The predictive accuracy as well as the qualitative spectral influence of each preparation
method was the basis of comparison. An overview of sample preparation methods is

shown in Fig. 4.3.

Neat Samples. After drying core segments at 40 °C, each sample was passed
through a 2-mm sieve to remove rock fragments, surface plant litter, and coarse root

material. Approximately six grams of each sieved soil sample were milled to a powdered
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homogeneous particle size (<200-pum) for three minutes per sample using a ball mill (Pica

Blender Mill Model 2601, Cianflone Scientific Instruments Corp., Pittsburg, PA).

Organic Removal. Organic matter was removed from the sieved samples by

treating a 13-g with 20-40 ml of Na-hypochlorite. The treated sample was then placed in
a 69 °C sonic water bath for 1 hr followed by 2 hrs in a 70 °C oven. Water was added to
samples as necessary to prevent desiccation. Samples that appeared black after the initial
Na-hypochlorite treatment were allowed to settle and clear supernatant was removed,
before repeating the treatment again. After SOM had been removed, samples were rinsed
four times with deionized water using a centrifuge at 10,000 rpm (25 minutes) and dried
overnight in a 70 °C oven. After the rinsing and drying process, the soils were milled for

three minutes to <200-pum using the ball mill described above.

KBr Dilution. Milled sample portions, both with and without SOM, were

homogenized with KBr in a 2% by weight ratio.

Spectroscopy

Instrument and Scanning. Samples with and without SOM were prepared for

spectral analysis both with and without KBr dilution. Spectral reflectance scans were
obtained with a Bruker Bruker Tensor 27 (2005) infrared spectrometer. The fine-ground
samples were scanned in diffuse reflectance mode using aluminum micro-titer plates on a
Bruker High-Throughput Screening Device (HTS-XT) using a MCT liquid-N-cooled

detector. Light was recorded in absorbance units in the spectral range from 7990-400
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cm’ at a spectral resolution of 4 cm™, zero-filled to a resolution of 2 cm™. As this study

pertains to the MIR region, we selected spectral data from 4000-400 cm™.

Intact, Field-moist

cores
Cut & air-
dried
Core segments, Dried
Crushed &
&% sieved
Na-OCl :
< 2-mm fraction, m < 2-mm, without
“Crushed” SOM
Ball Mill Ball Mill
W grinding W grinding
* Whole soil *| SOM removed
powder, “Milled” powder
2% KBr 2% KBr
dilution dilution
v v
*|  KBr-diluted | * | KBr-diluted

Figure 4.3. Flow chart of different sample preparation methods used with stars
representing scanned presentations.

Spectral Pretreatment. Raw absorbance spectra was converted to reflectance data

A= log(%j (1)

where A is Absorbance and R is reflectance with a natural log transformation. Cubic

with

smoothing splines were fit to reflectance data using “R” (R Development Core Team,

2004) and then transformed back to AB data. A KM transformation was performed on
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reflectance data, to partly correct nonlinear intensities resulting from diffuse reflectance

(Coates, 1998), using

(1;§ ) @

K
S

where R is reflectance, K is the absorption coefficient and S is the scattering coefficient.
First derivative transformations of reflectance spectral data were also computed to
account for noise and baseline effects (Duckworth, 1998). Smoothed AB, KM and D
transformed data were extracted every 10 cm™ to ease data handling. Multiplicative
scatter correction was applied to absorbance data to adjust for particle-size differences
but as all samples were milled to uniform size, no predictive improvements were

observed and therefore, these results are not reported.

Conventional Laboratory Analyses

Carbon. Total carbon (TC) content was measured in the laboratory through dry
combustion using a LECO C/N/S 2000 analyzer (LECO Corporation, St Joseph, MI,
USA). Milled samples were oven dried overnight at 70° C, and 0.2 g samples of each soil
were weighed out in preparation for this analysis. Additional 0.2 g samples were treated
with 1 ml of 1 M H3;POy, then dried in a 70° C oven overnight prior to analysis. Total C
of the whole soil less TC of the acidified soil gives the SOC content (assuming the acid
removes all IC). Fifteen samples were chosen to obtain duplicate C measurements for

standard error of laboratory (SEL) measurements for both SOC and SIC.
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Texture. Sand, clay and silt contents were quantified for each sample using the

pipette method (Gee and Bauder, 1986) referred to in the previous chapter.

Mineralogy. Clay mineralogy was determined for a subset of 24 samples using
powder mounts as well as oriented clay mounts. The subset included 4 samples from
each site chosen randomly, two surface and two subsurface samples. Methods and

instrumentation used are described in the previous chapter.

Modeling

Model building was done using PLS-1 within Unscrambler 8.05 software (CAMO
PROCESS AS, Oslo, Norway). MIR spectral data was utilized to build SOC and SIC
calibration models using partial least squares (PLS) regression. The number of
components employed for each calibration model was determined by a visual
interpretation of the decrease in residual variance determined by cross validation (Brown
et al., 2005). To avoid overfitting, the number of components chosen is based on the

point where the variance stops decreasing.

Independent Validation

Calibration models were built around the six site subsets, using a 6-fold site-
holdout cross-validation method. For example, sites 2-6 were used to calibrate the model
that was then validated exclusively on site one. With geographic independence between
sites, this calibration method provided independent regional validation, simulating

predictions at an unknown site within the region. In a separate step, cores from the site



86

being validated (referred to as “Local cores”) were added to calibration sets to determine
whether or not this improved the model’s prediction capabilities.

Regional + Local calibration models were constructed using: (i) the five sites
mentioned above, (ii) the five sites plus one Local core, and (iii) the five sites plus two

Local cores.

Local Core Addition. Samples from spectrally dissimilar cores from the

validation site were added to the calibration set during the modeling procedures to
compare Local vs. Regional calibrations. These cores are referred to as “Local” cores or
validation site cores. The spectral difference was determined by a standardized
Mabhalanobis Distance (Eq. 1), computed with standardized scores derived from principal
components analysis (PCA). PCA was performed (S-Plus® 6.0, Insightful Corp., Seattle,
WA, USA) for each Crushed, Milled, Moistcore and Drycore first derivative reflectance
datum. Scores for the components explaining at least 90% of the variance (or for the first
ten components, whichever provided scores of at least 10 components), were

standardized to provide 7 for each sample. Standardized component scores for samples
from the five sites not related to the sample being analyzed were averaged to give 7, for

each component. The Mahalanobis Distance was then computed for each sample as:

Mahalanobis Distance = /(7 — Xa ) (1)

# s the individual sample standardized PCA score vector

Z. 1s the average standardized PCA score vector of remaining 5 sites
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The sample with the greatest distance was considered the most spectrally dissimilar
sample. This sample along with the corresponding samples from its core, were all

removed from the validation set and added to the calibration set.

Loadings. Loadings are a measure of how much each predictor (X-variable)
contributes to explaining the response variation along each model component (Haaland
and Thomas, 1988). The components that explain the most variability will be observed
as more influential to the model. Loadings from SOC PLS calibration models developed
with KM transformed spectral data of KBr-diluted samples were observed to determine

the influence of each wavelength within the SOC prediction

Predictive Statistics

Predicted and measured values from the modeling procedures listed above were

compared using the following statistics taking after Brown et al., 2005:

MSD = Zn (Ypred - Ymeas

Mean Square Deviation: N 4)
Root Mean Square Deviation: RMSD = +/MSD (5)
Standard Error of Prediction: SEP = RMSD x N (6)

(N-1)

Residual Prediction Deviation: RPD = (Standard Deviation of Yy4)/SEP (7)

r’ = square correlation (8)

Zn (Ypred - Ymeas)

N

Bias =

)
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Principal Components Analysis.

KM, AB and D spectral data were each plotted in principal component space (S-
Plus® 6.0, Insightful Corp., Seattle, WA, USA) to identify spectral outliers and/or
patterns (Shepherd and Walsh, 2002; Brown et al., 2005). The components explaining
90% of the variance were plotted in scatterplot matrix format. D10 spectral treatment

gave the most distinct pattern so it is focused on here.

Results

Soil Carbon and Texture Data

Overall, C contents are relatively low and evenly distributed throughout the sites
(Table 4.1). SOC contents are evenly spread except that sites 2, 4 and 5 include a few
samples with higher SOC than the other 3 sites. Site 2 is more calcareous than the other
sites and includes five extreme samples that increase the range of the dataset. Sand and
clay measurements are evenly distributed with site 5 containing the most clay and site 6
containing the most sand. From the 15 replicated samples, SEL measurements for the

combustion method were found to be 0.27 g kg™ for SOC and 0.34 g kg™ for SIC

Mineralogy

Powder mount analysis revealed the dominating non-clay minerals to be quartz
and feldspar at all six sites. A sample from site 5 displayed a dominating unidentifiable

peak at approximately 1.83 d-spacing. Clay mineralogy uncovered through oriented clay
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mounts conveyed mixed mineralogy throughout the six sites. All samples contain

moderate amounts of vermiculite, kaolinite, micas and smectites.

Table 4.1: Descriptive statistics for the six sites.

Property (g kg?)  Statistic Site 1 Site 2 Site 3 Site 4 Site 5 Site 6

Min: 4.1 7.5 3.5 6.4 4.9 3.8
SOC Max: 12.5 18.9 13.5 17.2 19.1 10.8
Mean: 7.6 12.3 7.8 11.2 10.6 7.0
Min: 0.0 1.8 0.0 0.0 0.2 0.0
SIC Max: 15.5 72.5 22.9 18.0 14.2 19.3
Mean: 7.1 24.1 9.6 3.5 6.2 5.3
Min: 311.8 212.8 168.0 174.4 296.8 180.6
Clay Max: 574.5 519.2 3745 497.5 710.4 3445
Mean: 443.9 343.6 266.0 338.6 558.1 251.0
Min: 135.2 102.0 167.9 127.2 100.0 214.7
Sand Max: 444.9 369.5 634.6 515.9 232.9 510.6
Mean: 279.6 193.0 385.9 344.0 144.4 397.0
N: 51 48 57 48 59 52

Prediction Results

KBr Dilution. SOC and SIC prediction results for KBr-diluted and undiluted
samples are displayed in Tables 4.2-4.5 and calibration results for the most accurate
models are shown in Table 4.6. One consistency is the accuracy of undiluted sample
preparation over KBr-diluted samples with the addition of Local cores. Undiluted Local
predictions are more accurate for SOC and SIC with all data transformations, except for

the SIC KM 10 prediction.

Spectral Pretreatment. Organic C and SIC show different predictive accuracy

with different spectral transformations. Organic C shows most predictive accuracy in the

first derivative transformation data with the addition of two validation site cores (Fig.
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4.4) with RMSD = 1.3 gkg™', r* = 0.86 and RPD = 2.61. The SEP value here is 1.3 gkg™
(Table 4.6). For SIC, the Kubelka Munk transformation with the addition of 2 cores
gives the most accurate prediction results with RMSD <2 g kg™ and r* >0.95 (Fig 4.5).

The SEP value here is 1.4 g kg (Table 4.7).

Local Core Addition. Improvement in predictive accuracy occurs with each Local

core addition, the most accurate predictions coming from the addition of two cores. After
two cores from the validation site were added to the AB calibration set, validation results
display r* values increasing from 0.59 to 0.81 and RMSD decreasing from 2.54 to 1.46 g
kg'. Undiluted samples show more increase in accuracy than KBr-diluted samples for all

transformations with the addition of Local cores.

Table 4.2: PLS organic C calibration validation statistics from models developed with
neat samples using three different spectral pretreatments.

Transformation of
undiluted sample  # Local |RMSD (g

spectra Cores kg™t r? RPD

AB10 0 2.54 0.59 1.36

1.58 0.79 2.15

1.46 0.81 2.31

KM10 2.30 0.65 1.49
151 0.81 2.25
1.37 0.84 2.45
D10 1.55 0.81 2.22

141 0.83 241
1.30 0.86 2.61

NFPONPEFEFODNLEPER
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Table 4.3: PLS organic C calibration validation statistics from models developed with
KBr-diluted samples using three different spectral pretreatments.

Transformation of
diluted sample  # Local |RMSD (g

spectra Cores kg™ r? RPD
AB10 0 2.19 0.62 1.57

1 1.84 0.72 1.86

2 1.69 0.76 2.04

KM10 0 2.08 0.65 1.65

1 1.73 0.75 1.97

2 1.64 0.78 2.10

D10 0 2.06 0.65 1.67

1 1.99 0.68 1.75

2 1.74 0.76 1.99

Table 4.4: PLS inorganic C calibration validation statistics from models developed using
neat samples and three different spectral pretreatments.

Transformation of
undiluted sample  # Local |RMSD (g
spectra Cores kg™ r? RPD
AB10 0 4.59 0.85 2.36
1 2.41 0.95 4,33
2 2.23 0.95 4.54
KM10 0 7.48 0.56 1.45
1 2.91 0.93 3.59
2 1.95 0.96 5.07
D10 0 4.55 0.91 2.38
1 2.13 0.96 4.90
2 2.22 0.95 4.56
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Table 4.5: PLS inorganic C calibration validation statistics from models developed using
KBr-diluted samples and three different spectral pretreatments.

Transformation of
diluted sample  # Local |RMSD (g

spectra Cores kg™ r? RPD
AB10 0 6.52 0.68 1.66

1 4.22 0.84 2.48

2 4.27 0.84 2.46

KM10 0 6.52 0.68 1.66

1 5.53 0.75 1.89

2 4.18 0.84 2.47

D10 0 6.17 0.74 1.75

1 571 0.78 1.91

2 4.00 0.86 2.63

Table 4.6: SEP values for organic C validation results from Regional and Local
calibrations developed using three different spectral transformations of spectra
from neat and KBr-diluted samples.

Organic Carbon SEP values (g kg™)

#of Local  Spectral Transformation
Preparation  Cores

Method Added KM AB D
0 2.31 2.54 1.56
Neat 1 1.52 1.58 1.42
2 1.38 1.47 1.31
0 2.09 2.19 2.07
KBr-diluted 1 1.74 1.85 1.99
2 1.64 1.70 1.74




Table 4.7:
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SEP values for inorganic C validation results from Regional and Local
calibrations developed using three different spectral transformations of spectra
from neat and KBr-diluted samples.

Inorganic Carbon SEP values (g kg™

#of Local  Spectral Transformation
Preparation  Cores
Method Added KM AB D
0 7.51 4.61 6.34
Neat 1 2.92 2.42 4.02
2 1.96 2.24 2.82
0 6.54 6.54 6.19
KBr-diluted 1 5.55 4.23 5.73
2 4.20 4.29 4.01
201 | SEP =1.30 g/kg L1 ling
r2=0.86 o
RPD = 2.61 o TSpession
£ Bias = -0.14 5
B 157 | sSlope=0.84
]
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1 66 5 S?te 5
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Lab measured OC (g/kg)

Figure 4.4. Validation results of the most accurate organic C calibration
developed with first derivative transformation of Regional MIR
spectral data + 2 Local cores.



94

SEP = 1.96 g/kg L:1line,
r2 =0.96 o
60 - R_PD =5.07
(o) Bias = 0.17 )
i~ -
> Slope = 0.97 \
@)
n Regression
° Line
Q
°
S
o
2 1 Site1l
o .
= 2 Site 2
Site 3
Site 4
5 Siteb
6 Site 6
O ‘ : T T T T T T
0 20 40 60

Lab measured SIC (g/kqg)

Figure 4.5. Validation results of the most accurate inorganic C calibration
developed with Kubelka Munk transformed Regional MIR
spectral data + 2 Local cores.

Table 4.8: Calibration statistics of the most accurate SOC and SIC models.

Most Accurate RMS?
Variable| Calibration Model (g kg™) r? RPD
SOC D10 + 2 cores 0.86 0.92 4.03
SIC KM10 + 2 cores 1.60 0.97 6.83
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Loadings. Loadings were determined for both KBr-diluted and undiluted sample

KM calibration models and the weighted average from the first ten components are

displayed in Figs. 4.6 and 4.7. The weights from KBr diluted models show the most

weight with the band at 700 cm™. Other influencing bands are found at 1060, 1480, 1860

and 2820 cm™. The weights from the neat sample calibration model show the most

weight with the bands at 1060, 1320, 1480, 1680, and 1800 cm’. Other important bands

are seen at 2610, 2820 and the region from 3700-3200 cm™.

0.10 1450 o
0.08
1650 1050
0 2920
g 0.06
©
8
e 3430 1790
0.04
2510
0.02
OOO T T T T T T
3500 3000 2500 2000 1500 1000
Wavenumber

Figure 4.6. Weighted average loadings of the calibration model developed with
Kubelka-Munk transformed spectral data from KBr-diluted samples
with each line representing a component explaining the presented
amount of variability.
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Figure 4.7. Weighted average loadings of the calibration model developed using
Kubelka-Munk transformed spectral data from neat sample
presentation with each line representing a component explaining the
presented amount of variability.

Principal Component Analysis

The most telling display of spectral patterns came from the undiluted first
derivative PCA diagram (Fig. 4.8). The first 5 components in this model explain 82% of

the variability.
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Figure 4.8. Scatterplot matrix diagram showing the first five principal components of
the MIR first derivative soil spectra explaining 82% of the variability.

Spectral Comparison

Four samples with extreme C contents were compared spectrally with both KBr-
diluted and neat preparation methods. Samples included were: sample 2 - containing the

highest SIC content (SIC = 72.5 g kg”, SOC =9 g kg™"), sample 3 — containing the lowest
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SOC content (SIC =19.2 g kg, SOC = 3.5 g kg™), sample 4 - without SIC but with

relatively high SOC content (SIC =0, SOC = 17.2 g kg™), and sample 5 - the highest
SOC content (SIC =1.0 gkg™, SOC =19.1 gkg™). These samples were qualitatively
examined together to decipher spectral influences due to CaCO3; and SOM content as

well as to determine the effect sample preparation has on different sample types.

KBr-Dilution. Diluted sample spectra show three distinct features that are
indecipherable in undiluted sample spectra; a comparison of the four samples, both
diluted and undiluted, can be seen in Figs. 4.9 and 4.10. An organic stretching region
from 3100-2800 cm™ is observed in diluted samples and appears stronger in the low SOC
sample as it can be overlapped by COs overtone absorption from 3000-2880 cm’™
(Nguyen, 1991). Diluted samples also show SIC content visible at 2510 cm™ as the CO;3
overtone and combination vibration (Nguyen et al., 1991; Bertrand et al., 2002). This
feature is shown in the low SOC content sample and more distinctly within the high SIC
sample spectra. All diluted samples show identical doublet absorptions from 1200-980
cm™'. This is an area of intense Al-OH and Si-O stretching, resulting from mineralogical
absorbance (Nguyen et al., 1991; Bertrand et al., 2002) that is missing in undiluted
samples.

In undiluted samples, there is an overall higher absorption in comparison to KBr-
diluted samples throughout the MIR region. Higher SOC content gives higher
absorbance throughout the MIR region for neat samples. Beginning at the far end of the

MIR spectrum, diluted and undiluted samples have the same features. The C-H stretch at
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3100-2800 cm™ is not apparent in undiluted spectra and the carbonate feature here is only
visible with a high SIC sample. The COs absorption at 2500 cm™ is much more dramatic
in the undiluted spectra than in the diluted, even for low SIC content samples. For the
high SOC content sample as well as the non-carbonaceous sample, there is a large
unidentifiable peak between 1400 and 1250 cm™ that could be a specular reflection
artifact resulting from SOM features in this region (Avram and Mateescu, 1966; Conley,
1972; Griffith and Schnitzer, 1975; Baes and Bloom, 1989; Nguyen et al, 1991;
Stevenson, 1994; Celi et al, 1997). This feature does not appear in higher SIC content
samples, or within any of the diluted spectra. Finally, the doublet absorption from 1200-
980 cm™' resulting from clay mineralogy that is shown at for all samples in diluted spectra
is unidentifiable in the undiluted spectra of all samples.

There are some consistencies between diluted and undiluted sample spectra. For
both preparations, SOM combination bands at or near 3400 cm™ (Nguyen, 1991) appear
to be dominated by O-H vibration of structural water seen from 3600-3000 cm’™'
(Ellerbrock and Gerke, 2004). A carbonate feature that is not visible in Fig. 4.7 because
of low SIC content samples can be seen at 1800 cm™ in Fig. 4.8 of both diluted and
undiluted high SIC samples. Farther down the spectrum, there are SOM combination
bands apparent at 1550-1600 cm’! (Griffith and Schnitzer, 1975; Stevenson, 1982;
MacCarthy and Rice, 1985; Nguyen et al, 1991; Celi et al., 1997; Alciaturi et al, 2001;
Ellerbrock and Gerke, 2004). Both preparations show this feature but the diluted high
SOC content sample shows the most distinct absorption. Finally, there is a considerable

carbonate absorption feature for the low SOC and high SIC content samples at 1450 cm™
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(Nguyen et al, 1991; Clark, 1999; Bertrand et al, 2002) that is visible with or without

KBr-dilution.
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Figure 4.9. Spectral comparison of two samples, neat and diluted, containing both the
highest and lowest organic C contents.
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Figure 4.10. Spectral comparison of two samples, KBr-diluted and undiluted,
containing the highest and lowest inorganic C contents.

Organic Matter Removal

The correlation between spectral difference of samples with and without SOM
and SOC content was displayed to determine where SOC content relates to spectral SOM
absorptions (Fig. 4.11). For KBr-diluted spectra, the different transformations appear to
be grouped tighter as they exhibit equivalent correlation values throughout the spectrum
(excluding the region between 3700 and 3200 cm™ where lower correlation for KM and
AB transformations is displayed). One of the higher correlations for both sample

presentations and all transformations was at 1550 cm™. Other strong correlations were
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found at 2920, 2850 and 1380 cm’! for diluted samples and 3680, 2890, and 2520 cm’!

for undiluted samples.
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Figure 4.11. Correlation between the spectral difference (“Diff.””) of samples with

and without organic matter, within 3 spectral transformations, in
both KBr diluted and neat preparations.
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Discussion

PLS Regression Predictions

Prediction results were distinct between two different types of C. Inorganic C
prediction results had higher r* and RMSD values than SOC prediction results. Inorganic
C predictions also have much higher RPD values, most approaching 5, which is a good
indication of accuracy. Validation site core addition affected SIC predictive accuracy
more so than SOC predictions. With a greater SIC spread throughout the dataset, adding
spectrally dissimilar cores from the validation site to the calibration model makes for an
even more robust model specific to the site being predicted. Inorganic C predictions
were accurate due to the distinct carbonate absorption features within the MIR portion of
the spectrum. Based on literature values, carbonate features can be identified at 3000-
2880, 2600-2500, 1830-1800, 1470-1410, and 1100-1000 cm™ (Nguyen et al., 1991;
Clark, 1999). These were all identified in our soils, through qualitative examination of
soil spectra.

Organic C prediction results had lower RPD and r* values than those resulting
from SIC predictions. McCarty et al. (2002) claim that SIC content can degrade SOC
PLS predictions; this could explain lower RPD and r* values. But, SOC RMSD values
were much lower overall showing less predictive deviation than SIC predictions. This
was a result of a smaller range of SOC values within this dataset

Without the addition of local cores, KBr-diluted prediction results were more

accurate than neat sample predictions for certain transformations; although, the addition
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of local cores did improve predictive accuracy more so than dilution with KBr. A
potential explanation for this is component intensity. Past studies have shown spectral
absorptions to be characteristic of particular soil components by isolating the component
from the soil and then diluting in KBr for spectral analysis. When analyzing a soil
sample in its entirety with dilution, the concentration of the spectral influencing structure
is much lower than it would be without dilution. It is questionable whether these
absorptions are as intense within the resulting diluted soil spectra. The accuracy of
predictive models, which is based on these spectral features, will be affected when soils
are diluted.

Core addition to the calibration model increased predictive accuracy of SOC and
SIC validations with both diluted and neat samples, more so with neat. The addition of
spectrally dissimilar samples contributes to the robustness of the calibration model for
these soils in particular, without degrading accuracy. This could be a new path within
predictive model building: the addition of a limited amount of spectrally dissimilar
samples to contribute to the overall applicability of the model without reducing accuracy.

Standard error of prediction values for both SOC and SIC were less than 2.0, with
SIC values slightly higher. Though SEP values by MIR-PLS predictive techniques are
more than triple the SEL values by traditional laboratory procedures, they are still low

enough to claim semi-quantitative results approaching laboratory precision.
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Principal Components Analysis

Principal Component Analysis results indicate that spectral similarity between
samples is dominated by site. Even though all samples were collected from the same
physiographic region, with similar characteristics at each site, samples were narrowly
grouped according to site. This dominated spectral similarity, even over depth of the
sample or soil characteristics such as carbon content or texture. Grouping by site
displays that spectral similarity based on a limited locale is another influence on
prediction model accuracy and could affect future applications of regional models. If
spectral similarity of soils is this limited, the applicability of regional as well as global

calibration models should be inspected further.

Spectral Comparisons

Dilution of the soil sample in a non-absorbing KBr matrix clearly created
qualitative changes in the spectra. The most apparent were carbonate, clay, and SOM
absorption features that can remain invisible or distorted in both KBr-diluted and
undiluted spectra. For example, C-H stretching is apparent in diluted spectra from 3100-
2800 cm™ and is left unseen in undiluted spectra. The distinct mineralogical feature from
1200-1000 cm’" is seen only in diluted spectra. In neat spectra, there could be carbonate
interactions distorting this feature or even a complete band inversion that appears visible
in low SIC content samples (Nguyen et al., 1991). Also in neat samples, carbonate
features appear dominant, especially the feature at 2500 cm™ that does not show up as

intensely as in diluted samples.
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The feature from 1400-1250 cm™ is a dramatic absorption feature that does not
appear in diluted spectra, or in high SIC content samples. This feature is very broad and
appears to be a distortion. In high SIC content samples, the feature is narrowed and
dominated by the carbonate fundamental absorption from 1500-1400 cm™ (Nguyen et al,
1991; Clark, 1999; Bertrand et al, 2002). I believe this feature to be an artifact of
specular reflection resulting from SOM absorption features within this vicinity such as
the SOM combination bands found from 1400-1390 cm (Griffith and Schnitzer, 1975;
Nguyen et al, 1991; Stevenson, 1994; Celi et al, 1997) and C-O stretch and OH
deformation of COOH and phenols from 1280-1200 cm™ (Avram and Mateescu, 1966;
Conley, 1972; Griffith and Schnitzer, 1975; Baes and Bloom, 1989; Stevenson, 1994;
Celietal, 1997). As these are the only reported features within this vicinity, in two very
narrow regions, the broad feature apparent in our spectra must be a distortion of these
absorptions. This SOM feature appears as a very small peak in the diluted spectra of
non-carbonaceous samples at 1490 and 1480 cm™, possibly shifted CH, and CH; bends
(Stevenson, 1994; Celi et al, 1997; Alciaturi et al, 2001) and obviously unaffected by
specular distortions.

When SOM is removed from the samples and the spectral difference is correlated
with SOC, more differences between diluted and neat preparations are noticed (Fig.
4.11). The central commonality observed is the high correlation at 1550 cm™ which can
be explained by organic stretching of either aromatic C=C (Baes and Bloom, 1989), CN
amide or COO (Stevenson, 1994). Both diluted and neat spectra show correlation

between 2850 and 2950 cm™, which is related to the CH stretching region found from
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3000-2880 cm’! (Eglington, 1970; Conley, 1972; Griffith and Schnitzer, 1975; Nguyen et
al, 1991; Stevenson, 1994). KBr-diluted samples also showed correlation at 1380 cm'l, a
region of SOM combination bands: CH2 and CH3 bending, C-OH deformation of COOH
and COO- symmetric stretch (Griffith and Schnitzer, 1975; Nguyen et al, 1991;
Stevenson, 1994; Celi et al, 1997). The neat sample absorbance spectra show correlation
at 3680 cm™, a result of a fundamental OH stretch found at 3650 cm™ (Clark, 1990)
relevant to structural water content within clay. Varying spectral differences and
correlations convey more disparity between diluted and neat spectra but also key relations
between spectral features and SOM content for both.

KBr dilution appears to make a qualitative improvement over neat sample spectra.
It is important to recognize that specific absorption features appear differently, or only
appear if certain concentrations are available, in both diluted and neat samples. If
qualitative analysis is the goal at hand, diluted spectra should be examined first and
foremost; but it would facilitate spectral interpretation to look at neat sample spectra as

well.

Loadings

The important bands uncovered through analysis of loadings exhibited
commonalities with bands correlated to SOC. KBr-dilute and neat sample preparation
conveyed the highest loading at 1480 cm™ with this peak running into 1550 cm™'— the
same band containing the highest correlation between spectral difference with organic

removal and SOC for both neat and KBr diluted samples. As stated earlier, this is an area
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of organic stretching and based on these results, it is obviously influencing spectral
activity in both KBr-diluted and neat sample presentations. Diluted samples displayed
another commonality between correlation and loadings at 2820 cm™ established as a CH
stretching region. Neat sample preparation gives less emphasis to this feature along with
any other feature below 1800 cm™. The most loading is given to the feature at 700 cm™
for KBr-diluted analysis which could relate to a carbonate or aromatic C-H bending

feature found in this area.

Transformations

For SOC, best prediction results were with a first derivative transformation and
addition of two Local cores. For SIC, best prediction results were with Kubelka-Munk
spectral transformation with the addition of two Local cores. The transformations
affected SOC and SIC predictions differently due to the differing absorption qualities of
SOM constituents and carbonates. Organic constituents are much more difficult to
identify in soil spectra; baseline removal or first derivative transformation would be the
most productive way of enhancing these absorptions. Carbonates are lighter in color,
with physical scattering characteristics, so reduction of the scattering affect with the KM
transformation would aid in the clarification of these features. This calls attention to the
specificity of different transformation methods, and their relation to what is being

spectrally analyzed.
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Conclusions

Mid-infrared diffuse reflectance spectroscopy modeled with PLS regression has
proven to be an accurate method of soil SOC and SIC prediction for calcareous glacial till
soils. The method provided quantitative results for both SIC and SOC, with SEP values
of <2.0 g kg-1 for the most accurate calibration models. The most accurate predictions
were derived from Regional + Local calibrations. Different spectral transformations were
compared and results were found to be dependent on predictor variable as well as sample
preparation. For SOC, the most accurate prediction results were with first derivative
transformation and addition of two Local cores. For SIC, the most accurate prediction
results were with a Kubelka-Munk transformation and addition of two Local cores.

Neat samples were analyzed in comparison to KBr-diluted samples to determine
the role specular reflection plays within predictive accuracy of soil C. It was determined
that without the addition of Local cores, KBr-diluted and neat samples had comparable
predictive accuracy. After the addition of Local cores, neat samples consistently
provided more accurate predictions. Within the qualitative investigation, KBr-diluted
and neat samples show different absorption features. Neat sample analysis did present a
specular reflection artifact that apparently did not affect predictive accuracy after the
addition of Local cores. For future qualitative examinations with the intention of soil
component identification, both diluted and neat samples should be examined

simultaneously as each preparation method reveals different component features.
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The absorption feature at approximately 1500 cm™ was found to be the most
influential factor to SOC predictions from neat as well as KBr-diluted samples. This
feature showed the most correlation for both sample presentations, as well as high
loading for KBr-diluted and neat sample PLS calibrations. There was also correlation
and loading given to non-organic constituents such as clay and carbonate features.

The Regional and Local calibration models were all independently validated,
displaying potential application of the model within the north central Montana region.
With complex mineralogy and a spectral fingerprint by site (determined through PCA),
this model would likely fail if applied outside the region. Core addition was a successful
method used to increase calibration model robustness without degrading predictive
accuracy. Future applications of this model or other regional models might succeed
within the region, and possibly outside of the region, with the addition of a limited
number of spectrally dissimilar samples from the site being predicted. Past studies have
shown higher predictive accuracies, but most have only conveyed calibration results or
non-independent validation results. With these independently validated model results, we
are now aware of the accuracy of MIR-DRS PLS regression when applied outside of the

calibration dataset.
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CHAPTER 5

SYNTHESIS

Within this study, I compared different methods of soil C characterization using
DRS with the Vis-NIR and MIR regions. For both regions, Regional and Local
calibrations were compared as were different sample preparations. Global calibrations
and different spectral pretreatments were also compared for the Vis-NIR and MIR
regions, respectively. The dataset used included calcareous glacial till soils with complex
mineralogy, providing a unique application of study results.

DRS proved to be an effective means of soil C quantification. Past research has
demonstrated effectiveness through calibration model accuracy but with both calibration
and validation results presented here, the method was deemed quantitative for both
regions of the spectrum. Vis-NIR Regional + Local PLS validation results provided
RMSD values of 1.64 g kg for SOC and 2.81 g kg™' for SIC. MIR Regional + Local
PLS validation results provided RMSD values of 1.30 g kg™ for SOC and 1.95 g kg™ for
SIC.

Calibration set size and place of origin were determined to be key factors within
model development. For these calcareous glacial till soils, a distinct spectral fingerprint
was displayed by site. Adding spectrally dissimilar cores from the validation site to the
calibration set facilitated more accurate validations for Vis-NIR and MIR calibration
models. In the Vis-NIR study, larger calibration sets were compared and found to be less

accurate than the smaller regional + local cores. For relatively young, less weathered
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soils such as these, the notion of “quality over quantity” applies to calibration set
construction with a goal of accurate validations.

Sample preparation methods were examined within Vis-NIR model validations
and found to affect predictive accuracy. In-situ analysis was simulated with field-moist
and dry cores and degraded predictive accuracy. But, RMSD values for SOC validations
using moist and dry cores were both <3.0 g kg conveying the possibility for semi-
quantitative analysis. For these soils, analysis in the laboratory of more homogenized
soil samples leads to greatest predictive accuracy of soil C.

Different preparation methods, neat vs. KBr-diluted samples, were compared
using the MIR region. KBr-diluted and neat samples gave comparable predictive
accuracy without the addition of local cores. With addition of local cores, neat samples
consistently produced more predictive accuracy. Conversely, qualitative examination of
neat and diluted samples together showed that neat samples omit key absorption features
as well as exhibit specular reflection artifacts.

Soil organic matter was investigated in both the Vis-NIR and MIR regions.
Correlations between SOC and spectral difference after organic matter removal, as well
as loadings of PLS-SOC calibrations, assisted in determination of relevant wavelength
regions. Within Vis-NIR SOC PLS calibations, loadings implied importance of water
and hydroxyl bands, conveying possible correlation to clay content. There are higher
loadings as well as correlation to SOC within the visible region as well. This is a key
finding as most studies place emphasis on vibrational absorptions found within higher

wavelength regions. Rather, chief SOM features are in fact due to electronic absorptions.
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In the MIR region, loadings and correlation suggest the band at 1550 cm™ is a key feature
for SOM spectral signatures of diluted and undiluted soil matrices. There were patterns
recognized between SOC content and SOM features, as well as clay and carbonate
features, displaying that directly as well as indirectly correlated constituents play a role in
predictions of SOC.

In the comparison of the two studies, the MIR region provided more accurate
SOC and SIC predictions than the Vis-NIR region. But, both regions convey comparable
means to soil C predictions. With less expensive Vis-NIR instrumentation, quicker
analysis and sample preparation, the Vis-NIR region could be established as the more
efficient method for soil C measurements. Variability within a site as well as necessity of
accuracy should be considered while making the choice between the two methods of
analysis and sample presentation. If the site is likely to be variable itself, and accuracy
within 10 g kg™ is acceptable, Vis-NIR in-situ analysis should be looked into further.
This method is by far the most convenient and could apply DRS as an efficient form of

analysis for many new and varying objectives.



